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Figure 1: We introduce UCLLM. A framework to evaluate LLMs from a user-centric perspective. The framework comprises
nine user-centric evaluation categories—Core Utility, Interaction Quality, User Experience & Emotion, Learnability & Usability,
Trust & Transparency, Content Quality, Adaptivity & Consistency, Safety & Inclusion, and User Empowerment. Each category
is represented by an icon to highlight its focus; detailed sub-dimensions and example metrics are provided in Table 1. We also
evaluated one aspect of the framework in a preliminary study to compare different LLMs and epistemic stance.

Abstract

Large language models (LLMs) are increasingly embedded in ev-
eryday life, yet most evaluation efforts still emphasize technical
performance rather than how users experience these systems. We
present UCLLM, a user-centric framework comprising nine dimen-
sions that shift evaluation toward users’ perceptions, needs, and
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interaction goals. Rather than validating the full framework, we
demonstrate how one dimension of UCLLM can be operationalized
by conducting a pilot blueprint(N = 24) comparing four widely
used LLMs under high- and low-certainty epistemic stances. Low-
certainty responses that offered alternatives were often perceived
as more confident, reliable, and actionable than high-certainty ones,
highlighting a “humility paradox” in user trust. Treating this study
as a blueprint illustrates how UCLLM’s conceptual dimensions
can be translated into measurable user-centered constructs and
experimental procedures. Our findings highlight the importance of
user-centric evaluation and motivate broader empirical work across
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all UCLLM dimensions to guide the design of more trustworthy
and responsible LLMs.
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« Human-centered computing — HCI design and evaluation
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1 Introduction

Large language models (LLMs) are increasingly embedded in ev-
eryday applications [27, 39], supporting tasks across personal as-
sistance [20], education [16, 60], healthcare [13, 54, 76], customer
support [70], and creative work [38]. As their use broadens, eval-
uating their effectiveness becomes critical not only in terms of
technical performance but also in terms of how people experience
and interpret these interactions in real-world contexts.

Current evaluation approaches focus primarily on system-centric
metrics such as computational efficiency [72], memory consump-
tion [28], response latency [58, 63], and task completion accu-
racy [29, 57]. While necessary, these metrics capture only part of
what matters to users. Two models with similar benchmark scores
may differ substantially in perceived reliability, trustworthiness,
or alignment with social expectations. Without user-centered eval-
uation, practitioners lack guidance for selecting models suited to
specific contexts or for identifying mismatches that can lead to
misuse or misinterpretation. Although existing evaluation frame-
works cover conversational systems, domain-specific agents, or
recommender systems [18, 29, 33, 51, 65, 68], they remain narrow
in scope and overlook emergent properties such as hallucination,
persona expression, cognitive load, and user agency. A compre-
hensive structure for evaluating subjective user experience across
diverse LLM uses is still missing.

In this work, we address this gap by presenting UCLLM, a user-
centric framework that organizes LLM evaluation across nine di-
mensions grounded in HCI constructs and linked to user perspec-
tives, metrics, and methods. UCLLLM synthesizes concepts from
prior frameworks such as CoRE [14] and CRS-Que [33] while ex-
tending them to accommodate the open-ended, generative, and
epistemically uncertain nature of LLM interaction. The nine dimen-
sions were derived through an iterative synthesis of HCI, UX, and
conversational evaluation literature (summarized in Section 3.1),
guided by the goal of covering distinct yet complementary aspects
of user experience rather than replicating existing taxonomies. By
articulating Core Utility, Interaction Quality, User Experience &
Emotion, Learnability & Usability, Trust & Transparency, Content
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Quality, Adaptivity & Consistency, Safety & Inclusion, and User Em-
powerment, UCLLM provides a structured lens for understanding
how users engage with LLMs beyond technical performance.

To illustrate how UCLLM can be applied in practice, we con-
ducted a pilot blueprint study (N = 24) comparing four widely used
LLMs—OpenAlI 04-mini!, Gemini 2.5 Pro?, Claude Opus 43 and
DeepSeek V34—under high- and low-certainty epistemic stances.
Epistemic stance captures how the model communicates its de-
gree of certainty or uncertainty [12]. Rather than validating the
full framework, this pilot demonstrates how one UCLLM dimen-
sion, "Trust & Transparency”, can be operationalized, serving as a
blueprint for evaluating additional dimensions in future work.

Our work is guided by the following research question: RQ:
How do the underlying LLM and its certainty stance shape users’
perceptions of reliability, trust, and interaction quality?

Our findings show that user perceptions vary in ways that purely
computational metrics fail to capture. Low-certainty responses were
frequently perceived as more confident, reliable, and actionable—a
“humility paradox” suggesting that hedging and offering alterna-
tives can enhance users’ trust in exploratory tasks. Differences
across models were limited, affecting only perceived certainty, in-
dicating that communication style can shape user perceptions as
strongly as the underlying model. These results exemplify how
evaluating a single UCLLM dimension can surface user-centered
insights that system benchmarks overlook, and they illustrate the
value of UCLLM as a structured lens for designing future multi-
dimensional evaluations.

Contribution Statement. This paper makes the following con-
tributions: (1) A user-centric evaluation framework (UCLLM) that
organizes LLM assessment across nine user-experience dimensions;
(2) A comparative pilot blueprint demonstrating how one UCLLM
dimension can be operationalized and used to reveal user-centered
differences between models; and (3) Design insights that highlight
the importance of user-centered evaluation for selecting, deploying,
and designing LLMs aligned with real-world user needs.

2 Related Work

This work builds on prior work on 1) User-centric evaluation frame-
works and 2) LLMs Evaluation.

2.1 User-Centric Evaluation Frameworks

Early surveys such as Peras [51] and Nsaif et al. [49] grouped
chatbot evaluation metrics, highlighting the divided and ad hoc
nature of early efforts. More recent work moves beyond system
benchmarks toward user-centered perspectives. Frameworks such
as CoRE [14] and CRS-Que [33] assess conversational recommender
systems through hybrid automated—human evaluation, while CON-
CEPT [29] and URS [67] incorporate social awareness and multi-
intent evaluation. Methodological refinements also include Con-
SiDERS [22], which addresses evaluator bias, and CoPrompter [34],
which supports prompt refinement through editable checklists. At
a broader level, Ray et al. [55] proposed a six-layered evaluation

Uhttps://platform.openai.com/docs/models/o4-mini, last accessed 04-03-2025.
Zhttps://chat.chatbot.app/gemini?, last accessed 04-03-2025.
3https://chat.ai-pro.org/chat/claude/, last accessed 04-03-2025.
4https://Www.deepseek.com/en, last accessed 04-03-2025.
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framework integrating user feedback and ethical alignment, and
Ghassempour® critiqued binary feedback systems, advocating for
richer, structured user input.

Alongside these general frameworks, domain-specific approaches
have emerged. In healthcare, CAPE [62] measures empathy, privacy,
and therapeutic alliance, while Denecke [18] and DISCOVER [19]
provide structured checklists and iterative design processes for
medical agents. In education, Kasneci et al. [36] and Tlili et al. [64]
examine opportunities and risks of ChatGPT in classrooms. Ahmed
et al. [2] evaluate learning analytics recommendations, and Bahja
et al. [5] emphasize collaborative, learner-centered chatbot design.
In finance, Yang et al. [71] introduced UCFE, and Urbani et al. [65]
assessed organizational readiness using the Technology Acceptance
Model. Customer-service research includes qualitative analyses of
dialogue relevance by Felstad and Taylor [24].

These frameworks provide valuable insights but are largely
context-specific and limited to narrow slices of the interaction space.
They tend to emphasize particular facets—such as conversational
flow, empathy, organizational readiness, or benchmark-style per-
formance without offering transferable structures that span diverse
LLM use cases and interaction contexts. As a result, many important
experiential aspects of LLM interaction remain fragmented or un-
derrepresented, including cognitive load, trust calibration, agency,
adaptivity, hallucination, and inclusion. Our work addresses this gap
by integrating these scattered insights into a unified structure that
synthesizes themes across prior frameworks and organizes them
into nine complementary user-experience dimensions in UCLLM.

2.2 LLMs Evaluation

Research on evaluating LLMs spans three strands benchmark-driven
comparisons, user-perception studies, and work on epistemic stance,
each illuminating different aspects of LLM behavior yet lacking an
integrative structure.

Benchmark-driven evaluations provide the dominant paradigm
for comparing LLMs, with platforms such as Chatbot Arena [15]
and MT-Bench [73] pioneering large-scale preference-based com-
parisons through LLM-as-judge scoring and crowdsourced votes.
While influential, these benchmarks primarily quantify relative
performance rankings rather than capturing deeper experiential
qualities of user interaction or the nuances of user trust.

A complementary line of work examines how users perceive and
interpret LLM behavior, focusing on user impressions beyond ac-
curacy scores. Liu et al. [44] collected in-the-moment feedback
identifying variation in verbosity, personalization, and credibility
across models. Li et al. [42] also demonstrated that human judg-
ments often diverge from LLM-based evaluators. Controlled studies
by Miller et al. [48] and Rudd et al. [57] show that trust, usability,
and satisfaction often diverge from technical performance, under-
scoring the importance of user-centered comparative evaluation.

Prior work highlights epistemic stance and communication style
as critical experiential factors, showing how expressions of certainty
or doubt shape users’ trust and reliance. Frameworks such as Epis-
temic Alignment [17], REL-AI [75], and Trust Gate [26] emphasize

Shttps://medium.com/data- science- at-microsoft/beyond- thumbs-up-and- thumbs-
down-a-human- centered-approach-to-evaluation-design-for-1lm-products-
d2df5c821da5, last accessed 04-03-2025.
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the importance of communicative cues in human—-AI alignment.
Although users can distinguish qualitative differences between
models, systematic experimental comparisons remain limited.

Taken together, existing LLM evaluations are fragmented: bench-
mark approaches emphasize technical capability, while user-centered
studies highlight perceptions of trust, stance, and conversational
style. Yet no unifying structure connects these experiential di-
mensions across tasks, contexts, and interaction goals. UCLLM
addresses this gap by integrating recurring themes from prior
work—such as trust, interaction quality, cognitive effort, adaptiv-
ity, and safety—into a nine-dimension framework that supports
systematic and comparable user-centered evaluation.

2.3 Summary and Research Gap

Across both framework-driven and empirical evaluation research,
prior work demonstrates clear interest in user-centered assess-
ment of LLMs but remains fragmented across benchmarks, domain-
specific tools, and isolated experiential studies. Existing approaches
typically focus on narrow facets such as conversational flow, em-
pathy, or preference alignment—and therefore fail to offer a trans-
ferable structure that captures the breadth of user experience with
generative models. What is missing is a unified, multi-dimensional
framework that integrates these perspectives and supports system-
atic evaluation across tasks, contexts, and interaction goals.

UCLLM addresses this gap by synthesizing recurring themes
from prior work into nine complementary user-experience dimen-
sions and by providing a structured foundation for designing em-
pirical studies. In the remainder of the paper, we introduce the
framework and demonstrate, through a pilot study of epistemic
stance, how one dimension can be operationalized as a blueprint
for evaluating the others.

3 UCLLM: A User-Centric LLM Evaluation
Framework

In this section, we introduce UCLLM, a user-centric framework
for evaluating LLMs. The framework contains nine dimensions,
each defined through its scope, user perspective, and representative
evaluation metrics (Table 1). These dimensions were not chosen
ad hoc; they emerged from an iterative synthesis of HCI, UX, and
conversational-system evaluation literature, combined with our
analysis of concrete LLM use cases and interaction failures. UCLLM
captures the breadth of experiential factors that repeatedly surface
in prior work such as trust, cognitive effort, adaptivity, and safety,
while organizing them into a coherent structure that spans diverse
interaction contexts. The framework is designed to be conceptual
and actionable: it offers a vocabulary for discussing user-centered
evaluation and a practical foundation for designing empirical stud-
ies, as we illustrate by operationalizing one dimension in our pilot.

3.1 Methodological Derivation of UCLLM

We derived UCLLM through an integrative synthesis of prior work
and observed LLM interaction patterns. Our starting point was a
broad set of constructs drawn from established evaluation frame-
works for dialog systems and recommender systems (e.g., PAR-
ADISE [66], CRS-Que [33], CoRE [14], UCFE [71]), HCI and UX
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models of usability and user experience (e.g., ISO 9241-11°, adaptive
interface design [31]), and human—AI guidelines on trust, safety,
inclusion, and reliability [4, 41, 61, 69]. We complemented these
sources with constructs emerging from recent LLM application
domains (e.g., education, healthcare, and creative work), ensuring
coverage of generative-Al-specific concerns such as hallucinations,
prompt literacy, and user agency.

The derivation process combined deductive and inductive reason-
ing. Initially, constructs were deductively collected from prior evalu-
ation frameworks, HCI theories, and human-centered Al guidelines.
The authors then collaboratively conducted iterative conceptual
grouping and refinement sessions to identify recurring experiential
patterns, resolve overlaps, and refine conceptual boundaries. Re-
lated constructs such as success metrics, conversational qualities,
cognitive demands, confidence cues, personalization, and safety
were clustered into higher-level experiential themes.

Throughout the refinement process, candidate dimensions were
evaluated with respect to clarity, distinctiveness, applicability across
LLM contexts, and relevance to end-user interaction. Constructs
that were overly system-centric, redundant, or insufficiently action-
able from a user-evaluation perspective were merged, reframed,
or excluded. Through multiple refinement rounds, we converged
on nine dimensions that collectively provide broad coverage while
minimizing conceptual redundancy.

We additionally established conceptual boundaries between closely
related themes, such as distinguishing task success from factual
correctness, cognitive load from learnability, and user control from
model agency. These boundaries are summarized in Section 3.3 and
detailed in Appendix A. Together, the resulting nine dimensions
form a structured foundation for user-centered LLM evaluation
and highlight the framework described in Section 3.2. The final
dimensions were retained when they appeared repeatedly across
the reviewed literature, captured a distinct user-centered concern,
and could be operationalized through empirical evaluation.

3.2 UCLLM Dimensions

Building on the synthesis described in Section 3.1, UCLLM com-
prises nine dimensions that reflect recurring experiential themes
across prior work and observed LLM use. Each dimension captures
a distinct aspect of user experience, framed through a user perspec-
tive and linked to concrete evaluation methods. Below, we provide
an overview of each dimension, with detailed metrics in Table 1.

3.2.1 Core Utility. This dimension captures an LLM’s fundamental
usefulness. Building on HCI and usability standards (ISO 9241-11 ©)
and classic dialog evaluation [66], usefulness is best judged in open-
ended, multi-goal tasks such as brainstorming or sense-making,
where success emerges through dialogue rather than fixed end
points. Core Utility can be examined through three complementary
sub-dimensions:

o Task Success: Evaluates whether the model helps users achieve
their goals (e.g., completion rate, time-to-answer, usefulness
rating), typically measured with scenario tasks and expert
judgment.

©1SO 9241-11:https://www.iso.org/obp/ui/#iso:std:is0:9241:-11:ed-2:v1:en
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o Cognitive Load: Assesses the effort required to interpret or
apply the output, using metrics such as NASA-TLX scores,
clarification counts, or verbosity.

o Cost vs. Value: Assesses whether the benefit of the output
justifies the user’s time and effort, via indicators like time
saved, cost per task, or willingness to pay.

3.2.2 Interaction Quality. This dimension reflects the conversa-
tional dynamics between user and system. Conversational quality
has long been evaluated in dialog systems and CRSs (e.g., PAR-
ADISE; CRS-Que’s user-centric constructs) [33, 66]. For LLMs, we
examine whether models stay coherent over extended exchanges,
follow instructions well, and recover from misunderstandings:

e Persona Fit: Evaluates whether the LLM’s tone and style
match user expectations (e.g., tone appropriateness, empathy,
cultural sensitivity).

o Dialogue Flow: Assesses the naturalness of multi-turn con-
versations, using metrics such as context retention, turn
coherence, and breakdown occurrences.

e Control: Measures how easily users can shape outputs to
their needs, via style matching, constraint adherence, or edit
distance.

e Error Recovery: Evaluates whether users can correct or redi-
rect the model effectively, using recovery rate and the num-
ber of correction turns.

3.2.3 User Experience & Emotion. This dimension captures how
interacting with the model shapes users’ feelings and overall sat-
isfaction. This dimension includes valence-arousal ratings using
the Self-Assessment Manikin (SAM) [9] and satisfaction scores col-
lected through short surveys, diary entries, or post-task reflections.

3.2.4 Learnability & Usability. This dimension describes how quickly
and comfortably users can adopt and operate the system. Since
LLMs rely on open-ended prompting rather than fixed UI elements,
we focus on developing “prompt literacy” and adapting to different
skill levels. Measures include time to proficiency, initial error rates,
and standardized usability scales such as SUS [10] or UEQ [40].

3.25 Trust & Transparency. This dimension concerns how the
system signals certainty and supports appropriate user trust. An
important component is epistemic stance—how the model com-
municates confidence and acknowledges uncertainty [41]. This
dimension includes:

o Confidence: How clearly models indicate certainty and sup-
port verification (confidence cues, citation quality).

o Trust: Whether users develop appropriate trust—neither overtrust
nor distrust—measured via trust-alignment scores or behav-
ioral indicators.

o Explainability: Clarity and usefulness of the model’s expla-
nations, typically evaluated with ask-for-reason tasks.

3.2.6 Content Quality. This dimension focuses on the factual ac-
curacy, novelty, and instructional clarity of outputs.

e Hallucination: Accuracy and grounding, measured through
hallucination rate, citation correctness, or fact-checking against
documents.

o Creativity: The novelty and usefulness of generated ideas,
using originality ratings and diversity metrics.


https://www.iso.org/obp/ui/#iso:std:iso:9241:-11:ed-2:v1:en

Beyond Benchmarks: A User-Centric Framework for Evaluating Large Language Models

CUI °26, July 21-24, 2026, Bremen, Germany

Table 1: UCLLM: A user-centric framework for evaluating large language models across nine dimensions with associated user
perspectives and evaluation metrics.

Category Dimension User Perspective Evaluation Metrics Example Methods
Task Success Did the model help users reach their Completion rate; time-to-answer; Scenario tasks; human judgment
Core Utility goal? usefulness rating

Cognitive Load

Cost vs. Value

How much effort is needed to understand
or use the output?

Is the output worth the user’s time and
effort?

NASA-TLX; number of clarifica-
tions; verbosity
Time saved; cost
willingness-to-pay

per task;

Usability testing; time-on-task

Baseline comparison; diary studies

Interaction Quality

Persona Fit
Dialogue Flow
Control

Error Recovery

Does the LLM’s tone and style match user
expectations?

Are multi-turn conversations smooth
and natural?

Can users shape outputs to their needs?

Can users easily correct mistakes or redi-
rect the model?

Tone appropriateness; empathy
rating; cultural sensitivity
Context retention; turn coherence;
breakdowns

Style match; constraint adherence;
edit distance

Recovery rate; number of correc-
tion turns

Role-based prompts; A/B tests
Multi-turn dialogue tests
Style/constraint prompts

Iterative task prompts

User Experience & Emotion

Emotional Response & Satis-
faction

How does interacting with the model in-
fluence users emotionally? Do they find
it satisfying or frustrating?

Valence/arousal ratings; satisfac-
tion surveys

Self-Assessment Manikin (SAM);
user satisfaction questionnaires

Learnability & Usability

Learnability & Ease of Use

How quickly can users learn to use the
system, and how easy is it to use?

Time to proficiency; ease-of-use
ratings; SUS/UEQ scores

Time-on-task analysis; System Us-
ability Scale (SUS); User Experi-
ence Questionnaire (UEQ)

Confidence Does the model clearly indicate certainty Helpfulness of confidence cues; ci- Confidence reporting tasks
Trust & Transparency and support verification? tation quality
Trust Do users trust the model appropriately Trust alignment; change in trust Questionnaires; behavior analysis
(not over/under)? after cues
Explainability Are model explanations clear and help- Rationale clarity; usefulness of ex- Ask-for-reason tasks
ful? planations
Hallucination Are outputs accurate and grounded? Hallucination rate; citation correct- Grounded Question-Answering;
Content Quality ness document-based tasks
Creativity Can it generate new and useful ideas? ~ Originality rating; diversity across ~Creative tasks; human judgment

Instructional Quality

Can it teach or adapt explanations to
users?

outputs
Learning gain; use of analogies

Pre/post tests; explanation scoring

Adaptivity & Consistency

Personalization
Consistency

Memory & Privacy

Does it adjust to user preferences or
level?

Are outputs stable across prompts and
sessions?

Does it use past context correctly with-
out privacy issues?

Preference alignment; fewer clari-
fications needed

Variance across paraphrases; re-
producibility

Memory accuracy; safe retention

Progressive tasks; adaptation la-
tency
Prompt families; repeated sessions

Long-session tests; privacy checks

Safety & Inclusion

Safety

Inclusion

Does it avoid harmful or biased outputs?

Can diverse users benefit equally?

Harm incidents; refusal quality

Accessibility and usability across
groups

Red-team scenarios; demographic
sampling

Diverse samples; assistive tech
workflows

User Empowerment

Agency

Does the model empower users rather
than replace them?

Suggestions vs. prescriptions; per-
ceived agency

Decision-support tasks; surveys

o Instructional Quality: The model’s ability to teach or clarify
information, using learning gains or analogy use.

3.2.7 Adaptivity & Consistency. This dimension describes how the
model personalizes interaction while maintaining stable behavior.
Personalization has deep roots in recommender systems [56] and

o Consistency: Stability of outputs across paraphrased prompts
or sessions.

e Memory & Privacy: Appropriateness of using past context
and safe handling of sensitive information.

adaptive UI design [31], and consistency is central in dialogue
evaluation [35]. This dimension includes:

o Personalization: Alignment with user preferences or skill

level.

3.2.8 Safety & Inclusion. This dimension ensure equitable, non-
harmful interactions across diverse user groups. Guided by FAccT
principles [4] and accessibility standards such as WCAG 2.2 [69],
this dimension includes:

e Safety: Avoidance of harmful or biased outputs, assessed
through red-teaming or sensitive scenarios.

dialects, and ability groups.

o Inclusion: Accessibility and usability across demographics,
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3.2.9 User Empowerment. This dimension concerns whether the
model strengthens users’ judgment and agency rather than re-
placing them. Rooted in human-centered Al principles [61] and
participatory design [25], this dimension includes:

o Agency: The extent to which the model supports user decision-
making, measurable through the balance between sugges-
tions and prescriptions or perceived agency ratings.

3.3 Dimension Boundaries and Overlaps

Because experiential aspects of LLM interaction often co-occur,
UCLLM defines boundaries between dimensions to support consis-
tent evaluation and avoid double-counting. The goal is not strict sta-
tistical independence, but ensuring that each dimension addresses
a distinct user-centered question and can be assessed separately.

Table 2 summarizes conceptual relationships among sub-dimensions

(v indicates overlap). The overlaps were identified through itera-
tive conceptual comparison of sub-dimensions based on their user-
facing concerns, interaction outcomes, and evaluation focus. De-
tailed boundary notes are provided in Appendix A. The examples
below illustrate how related concepts are distinguished.

Task Success vs. Hallucination. Task Success measures whether
users achieve their goals, whereas Hallucination concerns factual
correctness and grounding. An interaction may help users complete
a task despite minor inaccuracies, while a correct answer may
still fail to address the user’s objective. Treating these separately
prevents conflating usefulness with factual accuracy.

Control vs. Agency. Control refers to the user’s ability to steer the
model (e.g., through prompts or corrections), while Agency reflects
the model’s initiative in shaping the interaction, such as offering
suggestions. Although both affect collaboration, they represent op-
posite dynamics—user-directed versus model-driven behavior—and
are therefore evaluated independently.

Cognitive Load vs. Learnability. Cognitive Load describes the
immediate effort required to interpret or use a response, whereas
Learnability concerns how quickly users develop proficiency over
time. Distinguishing these dimensions separates momentary effort
from longer-term learning processes.

These examples illustrate UCLLM’s guiding principle: when in-
teractions influence multiple experiential factors—such as factuality,
effort, trust, or control—each should be evaluated within its respec-
tive dimension. Table 2 and Appendix A provide further guidance
for consistent application of the framework.

The overlaps shown in Table 2 primarily represent partial con-
ceptual overlap rather than substantial redundancy. An overlap
indicates that two sub-dimensions may be influenced by related
interaction phenomena or may co-occur during evaluation, while
still addressing different user-centered concerns. We considered
overlap to be substantial only when two constructs captured nearly
identical evaluative goals or user outcomes; such cases were merged
or excluded during refinement. Consequently, the remaining over-
laps in UCLLM reflect complementary relationships rather than
duplicated constructs.

3.4 Applying UCLLM in Empirical Work

UCLLM is designed not only as a conceptual structure but also as a
practical guide for user-centered evaluation. Each dimension can be
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operationalized by identifying its sub-dimensions, selecting metrics
that capture the associated user perspective, and designing tasks or
interactions in which these metrics can be meaningfully observed.

The pilot study in Section 4 illustrates this process for one dimen-
sion, Trust & Transparency by manipulating epistemic stance and
measuring users’ perceptions of certainty, reliability, and actionabil-
ity. While focused on a single dimension, the same methodological
pattern can be extended to other dimensions in UCLLM, enabling
systematic and comparable evaluation across models and contexts.

4 Evaluation

We illustrate the empirical use of UCLLM by operationalizing one of
its dimensions, Trust & Transparency, in a pilot study that manipu-
lates epistemic stance and measures users’ perceptions of certainty,
reliability, and actionability. Rather than validating the entire frame-
work, this study demonstrates how individual UCLLM dimensions
can be translated into measurable experimental constructs.

4.1 Study Design

We used a within-subjects design to examine how users perceive
differences in LLMs’ epistemic stance, specifically the level of ex-
pressed certainty. Prior work shows that confidence cues and lin-
guistic markers of certainty influence user trust, reliance, and satis-
faction [45, 59]. As these cues correspond directly to the Trust &
Transparency dimension within UCLLM, epistemic stance provides
a concrete way to operationalize this dimension empirically.

Our pilot manipulated two independent variables: (1) LLM iden-
tity and (2) certainty level (high vs. low epistemic stance). We se-
lected four widely deployed and publicly accessible LLMs—OpenAl
o04-mini’, Gemini 2.5 Pro?, Claude Opus 43, and DeepSeek v34—which
represent diverse model families and consistently appear in the
top tier of human preference benchmarks such as LMSYS Chat-
bot Arena’. This diversity makes them suitable for comparative
user-centered evaluation.

We measured four dependent variables aligned with Trust &
Transparency: perceived certainty, reliability, and actionability, and
enjoyment to contextualize participants’ overall experience. Par-
ticipants completed eight conditions (four models x two certainty
levels), counterbalanced via a Latin square to mitigate order effects.

To reduce extraneous variability while preserving natural inter-
action, several aspects of the study were held constant across condi-
tions: all participants received the same initial prompt and scenario,
interactions were limited to five participant-model exchanges, and
the interface and instructions remained identical across conditions.
Participants could ask natural follow-up questions within the travel-
planning task, but were instructed to remain within the assigned
scenario. The stance manipulation was implemented through the
high-certainty and low-certainty pre-prompts described in Sec-
tion 4.3, which were applied across all study conditions to induce
different epistemic response styles. The study was approved by the
institutional ethics board and lasted approximately 45 minutes.

While our focus here is on epistemic stance, UCLLM encom-
passes additional dimensions such as safety, adaptivity, and in-
teraction quality. Evaluating these dimensions requires different

7Chatbot Arena: https://lmarena.ai/leaderboard, last accessed 04-03-2025.
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Table 2: Comprehensive orthogonality matrix for all UCLLM sub-dimensions. v indicates a conceptual overlap and empty cells

indicate independence.

UCLLM Sub-dimensions ‘TS CL VAL PF DF CTRL REC EMO LEARN CONF TRUST EXPL HALL CREAT INSTR PERS CONS MEM SAFE INCL AGCY

Task Success (TS) v v v v
Cognitive Load (CL) v v v v v
Value (VAL) v v

Persona Fit (PF) v

Dialogue Flow (DF) v
Control (CTRL)
Error Recovery (REC) v
Emotion (EMO)
Learnability (LEARN)
Confidence (CONF)
Trust (TRUST)
Explainability (EXPL) v

Hallucination (HALL) v

Creativity (CREAT) v

Instructional Quality (INSTR) | vV v
Personalization (PERS) v v v v v
Consistency (CONS)
Memory & Privacy (MEM) v

Safety (SAFE) v
Inclusion (INCL) v
Agency (AGCY) v v v v v v

ANENENEN

NN
<

<

v v v

manipulations and measures; thus, fully testing all nine dimensions
is part of future work.

This pilot study demonstrates how one UCLLM dimension can be
systematically operationalized and evaluated, providing a concrete
example of how the framework may be applied in empirical settings.

4.2 Scenario

We selected a travel-planning scenario as a focused, low-stakes
domain that naturally elicits reasoning under uncertainty and rec-
ommendation behavior. This makes it well-suited for examining
epistemic stance, which is central to the Trust & Transparency
dimension. The goal of the scenario was not to achieve broad gener-
alizability, but to provide a tractable and ecologically valid context
in which stance-related cues could be expressed and evaluated.

Participants were asked to plan a 3-day solo trip. This task offers
a goal-oriented yet open-ended structure, allowing for variation in
preference elicitation while maintaining comparable interactions.
Similar travel-planning tasks have been widely used in HCI and
conversational-agent research to study decision support and rec-
ommendation quality [23, 32], making it an appropriate context for
cross-model comparison.

4.3 Epistemic Stance Creation via
Pre-Prompting

To manipulate epistemic stance, conditions began with a system-

level pre-prompt designed to induce either a high-certainty or low-

certainty response style. This manipulation highlights confidence-

related interaction cues associated with the Trust & Transparency

dimension of UCLLM. The High-certainty prompt instructed the

model to use decisive language and provide singular recommenda-
tions without hedging. The Low-certainty prompt encouraged ac-
knowledging uncertainty, presenting alternatives, and using hedg-
ing markers. This style-based behavioral steering aligns with prior
work showing that pre-prompts can reliably influence LLM re-
sponse characteristics [50, 52].

High-certainty You are a confident and assertive travel plan-
ning assistant. You speak with clarity and certainty in your
recommendations. Respond to the user’s questions by se-
lecting the best possible option and stating it as a definitive
recommendation. Avoid hedging phrases like “maybe,” “it
depends,” or “you might want to.” Your tone should be that
of a knowledgeable travel expert who knows what works
best. Do not present multiple alternatives unless asked to.
When giving advice, use strong and direct language, e.g.,
“You should go to Kyoto” or “This is the perfect itinerary
for a solo traveler” Do not focus on your limitations or ex-
press doubt unless absolutely necessary. Remain calm, pro-
fessional, and confident.

Low-certainty You are a cautious and thoughtful travel plan-
ning assistant. Your goal is to acknowledge the uncertainty
that often comes with travel advice. Offer multiple options
and highlight factors that may affect the user’s choice (e.g.,
preferences, season, budget). Use hedging phrases such as
“one option could be. ... “it might depend on. .., or “you may
want to consider. . . ” Your tone should be friendly, balanced,
and informative—not overly assertive. Avoid strong claims.
Let the user feel in control of the decision-making process by
presenting possibilities rather than definitive answers. Feel
free to acknowledge when you are unsure or when prefer-
ences may vary. Avoid assuming too much about the user’s
needs unless they provide specifics.
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Table 3: Average number of hedging markers per user across
models and stance conditions.

Model Stance  Avg. Hedging per user  Count of Hedging
Claude High 1.72 42
Claude Low 2.25 54
DeepSeek High 0.66 16
DeepSeek Low 0.71 17
Gemini High 3.88 93
Gemini Low 4.67 112
GPT-40-mini  High 1.21 29
GPT-40-mini  Low 1.33 32
All models High 1.5 180
All models Low 1.79 215

As models differ in how they interpret prompts, the exact linguis-

tic expression of the stance may vary across LLMs. Our goal was
not to produce identical outputs, but to test whether stance-related
cues could be systematically manipulated across models.
To verify that the manipulation influenced linguistic behavior,
we conducted a post-hoc analysis of stance markers (Table 3),
which showed modest but consistent differences between condi-
tions. These effect sizes were small, reflecting both natural model
variation and the subtlety of linguistic stance cues. Future work will
complement this automated analysis with coder-based annotation
to provide a more robust manipulation check. These pre-prompts
were directly used as the experimental manipulation in the pilot
study described above, where participants interacted with each
model under both certainty conditions.

4.4 Participants and Recruitment

We recruited 24 participants through university mailing lists, social
media, and word of mouth (9 females, 15 males). Ages ranged from
18 to 25 years (M = 25.1, SD = 1.9). Participants reported basic
to intermediate experience with LLMs, with an average daily use
of 13 out of 24 possible interactions. Most participants primarily
used ChatGPT (N = 19), followed by Claude (N = 2), while others
reported no regular use. Backgrounds spanned engineering (N =
11), computer science (N = 8), medicine (N = 3), and arts (N = 2).

4.5 Procedure and Task

Participants first reviewed the study aim and provided informed

consent. They were told they would interact with several LLMs

across a real-world task but were not informed about the epistemic-

stance manipulation. After completing a demographics question-

naire, participants proceeded through all eight conditions (four

models x two stance levels), presented in a Latin-square order.
Each condition began with a standardized prompt:

“I want to plan a 3-day solo trip. Can you help me
figure out where to go and what to do?”

Participants were allowed to introduce minor preference-based
adjustments during subsequent conversational exchanges (e.g., in-
terests in nature, food, budget, or activities) in order to preserve
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ecological validity and support natural interaction. These adjust-
ments were limited to elaborations within the travel-planning task
and did not alter the overall scenario structure.

Each interaction consisted of five participant-model exchanges
(i.e., five participant messages and five corresponding model re-
sponses). Following the initial standardized prompt, participants
were free to formulate follow-up questions naturally within the
task scope rather than following a fixed script. To maintain com-
parability across conditions, all interactions used the same task
framing, interface, and turn limit.

After each interaction, participants completed four 7-point Likert-
scale items assessing: (1) perceived certainty (“The assistant seemed
confident in its recommendations”), (2) trust and reliability (The
assistant’s recommendations felt reliable and trustworthy”), (3) ac-
tionability (“The assistant provided advice I would feel comfortable
following”), and (4) overall enjoyment (“I enjoyed interacting with
this assistant.”). Responses ranged from 1 (strongly disagree) to 7
(strongly agree). These items were adapted from validated trust-
in-automation and human-robot interaction measures [6, 7] to fit
the conversational LLM context and the Trust & Transparency di-
mension operationalized in this study. As this study serves as a
pilot operationalization of one UCLLM dimension, we used con-
cise single-item measures targeting distinct experiential constructs
rather than full multi-item psychometric scales.

Following each condition, participants additionally provided
brief open-ended reflections about the interaction, including com-
ments on response quality, confidence, clarity, and overall experi-
ence. At the end of the study, participants also completed a broader
comparative reflection across systems. These open-ended responses
formed the basis of the qualitative analysis described in Section 5.4.

5 Results

Table 4 shows the descriptive statistics for each dependent variable,
perceived certainty, reliability, actionability, and satisfaction, across
the eight experimental conditions (4 LLMs x 2 stance levels).

Across measures, ratings were uniformly high (many cell means
near 6 on a 7-point scale). A consistent pattern emerged: for almost
every model, scores in the Low-certainty condition slightly exceeded
those in the High-certainty condition. For instance, participants
rated Gemini’s certainty at 6.46 = 0.78 (high) and 6.33 + 0.87 (low),
while OpenAl 04-mini averaged 5.58 + 1.56 (high) and 6.04 + 1.00
(low). Similar trends appeared for reliability and actionability, with
DeepSeek low-certainty responses (6.25 + 1.11 reliability) exceeding
their high-certainty counterparts (5.71 + 1.30). Satisfaction showed
the same direction but with smaller absolute differences. Table 5
summarizes all inferential results.

5.1 Epistemic Stance Effects

To test whether the descriptive differences were reliable, we ran
repeated-measures ANOVAs with stance (high vs. low) and model
(Claude, DeepSeek, Gemini, OpenAl 04-mini) as within-subject
factors. We found significant main effects of stance on certainty,
F(1,23) = 6.30, p = 020, n} = .22; reliability, F(1,23) = 6.50,
p =018, 3 = .22; and actionability, F(1,23) = 4.83, p = .038, 3 =
.17. No stance effect was observed for satisfaction, F(1,23) = 2.81,
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Table 4: Descriptive statistics (means + SD) for LLM X Epis-
temic Stance interaction.

LLM Stance Certainty  Reliability = Actionability  Satisfaction
Low 6.12 + 1.12 6.17 + 1.13 6.12 = 1.12 6.12 + 1.12
Claude
High 5.50 = 1.59 542+ 1.74 5.46 + 1.61 5.42 + 1.82
Low 6.21 + 1.06 6.25 + 1.11 6.17 + 1.09 6.04 + 1.37
DeepSeek .
High 5.96 + 1.16 5.71 + 1.30 5.75 + 1.51 5.42 +1.93
.. Low 6.33 £0.87 6.00 £ 1.38 6.21 + 1.18 5.83 + 1.34
Gemini X
High 6.46 + 0.78 6.33 + 0.96 6.38 = 1.01 6.29 + 1.08
.. Low 6.04 = 1.00 5.83 = 1.49 5.83 £ 1.37 5.62 = 1.58
04-mini
High 5.58 = 1.56 5.58 = 1.56 5.62 + 1.64 5.62 = 1.69

p = .11. Participants thus tended to rate low-certainty responses as
more certain, reliable, and actionable.

To verify that the certainty manipulation was reflected in the
model outputs, we conducted a post-hoc Hyland stance marker
analysis where we counted hedging words and phrases namely,

"o non non non non

"might", "may", "could", "perhaps", "possibly", "apparently", "gener-
ally”, "often", "sometimes", "seems", "appear”, "likely" [30]. We found
that low-Certainty conversations contained more hedging expres-
sions on average (M = 1.79) than High-Certainty conversations
(M = 1.5), suggesting that the manipulation influenced linguistic
style in the intended direction (see Table 3). However, a Welch’s t-
test did not show statistical significant difference (¢(585.28) = 0.95,
p = .341), indicating that the effect remained modest. This helps
explain why some participants reported noticing clear differences
while others perceived the models as more similar. This is also
reflected in our qualitative analysis (Section 5.4).

5.2 Model Effects

A main effect of model emerged for certainty, F(3,69) = 3.07,
p =.033, 7712, = .12. Holm-corrected pairwise comparisons showed
that Gemini (M = 6.46) was perceived as more certain than both
Claude (M = 5.81) and OpenAI o4-mini (M = 5.81), p < .05 for
each. No model differences were found for reliability, actionability,
or satisfaction (all p > .16). Descriptively, Gemini showed slightly
higher reliability (M = 6.17) and actionability (M = 6.29), though
these differences were not statistically distinguishable.

5.3 Interaction Effects

Stance x model interactions were non-significant for all dependent
variables (all p > .10), indicating that the stance-related pattern
held across models.

Overall, participants favored low-certainty responses, judging
them slightly more certain, reliable, and actionable than high-
certainty ones. Among models, only perceived certainty differed
reliably, with Gemini consistently rated higher than Claude and Ope-
nAl 04-mini. Perceptions of reliability, actionability, and satisfaction
were uniformly high across models and stance combinations.

To complement the ANOVA results, we ran supplementary linear
mixed-effects models with stance, model, and their interaction as
fixed effects, and Participant as a random intercept. This approach
provides a more conservative check by modeling individual differ-
ences directly. The mixed-effects results showed the same overall
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Table 5: Two-way repeated-measures ANOVA results for each
dependent variable (Stance: high vs. low-certainty; Model:
Claude, DeepSeek, Gemini, OpenAl 04-mini). For Certainty,
significant Holm-adjusted pairwise model comparisons are
shown in the lower block. Partial 7712, is reported as an effect
size. Significant p values (< .05) are bold.

DV Effect/ Comparison Num df Den df F Mean Diff. P q},
Stance 1 23 6.30 - 020 22
Certainty Model 3 69 3.07 - 033 .12
StanceXModel 3 69 1.29 - .29 .05
Gemini - Claude - - - 0.59 .030 -
Gemini - 04-mini - - - 0.65 024 -
Stance 1 23 6.50 - 018 .22
Reliability Model 3 69 1.21 - 31 .05
StancexModel 3 69 2.07 - 11 .08
Stance 1 23 4.83 - .038 .17
Actionability ~ Model 3 69 173 - 17 .07
StancexModel 3 69 1.27 - 29 .05
Stance 1 23 2.81 - 11 11
Satisfaction Model 3 69 0.75 - .52 .03
StancexModel 3 69 1.93 - 13 .08

trends as the ANOVA—low-certainty responses were generally pre-
ferred, and Gemini tended to score higher, but none of the effects
reached significance once participant variability was taken into
account. For Certainty, neither model (y?(3) = 5.92, p = .115),
stance (y*(1) = 2.19, p = .139), nor their interaction (y?(3) = 3.19,
p = .364) was significant. The same pattern appeared for Reliability
(all p > .10) and Actionability (all p > .30). For Satisfaction, the
results did not meet the threshold for significance, (y?(3) = 7.12,
p = .068). Full results are shown in Table 6. Overall, the mixed-
effects models suggest that the group-level patterns observed in
the ANOVA are present but vary across participants. This aligns
with the qualitative Feedback in the next section, where some users
noticed clear differences between models, while others felt the
systems behaved similarly.

5.4 Qualitative Analysis

We conducted an exploratory thematic analysis of participants’
written comments to contextualize the quantitative findings and
understand how users interpreted stance cues and model behavior.
We first open-coded the responses to identify recurring perceptions
related to confidence, trust, clarity, reliability, and conversational
experience. Related codes were then iteratively grouped into higher-
level experiential themes through collaborative refinement among
the authors. The analysis focused on identifying recurring interpre-
tive patterns rather than solely quantifying response frequencies.

5.4.1 Post-Interaction Comments. Post-interaction reflections re-
vealed several recurring themes related to how participants inter-
preted stance cues and overall interaction quality. One prominent
theme concerned comparative Preference / Ranking, where partici-
pants directly contrasted systems in terms of conciseness, useful-
ness, and interaction style. These comparative judgments often
shaped broader perceptions of quality and trustworthiness and ap-
peared frequently across the comments (18 references). For example,
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Table 6: Mixed-effects likelihood-ratio test results for each de-
pendent variable. None of the fixed effects reached statistical
significance once participant-level variability was modeled.

DV Effect x? df P
Certainty LLM 5.92 3 115
Stance 2.19 1 139

Interaction 3.19 3 364

Reliability LLM 0.60 3 .89
Stance 1.44 1 229
Interaction 6.21 3 102

Actionability LLM 2.86 3 415
Stance 1.04 1 .308
Interaction  3.65 3 .301

Satisfaction LLM -0.12 3 1.000
Stance -0.18 1 1.000
Interaction 7.12 3 .068

one participant noted: “I did not like this one much; the other was
more concise and to the point” (P4, OpenAl high-certainty).

Another recurring theme involved Speed / Latency (7 references),
where participants commented on responsiveness and interaction
fluency. For instance, one participant observed: “It was systematic,
but a little slow to respond.” (P10, OpenAl high-certainty). These
reflections suggest that responsiveness influenced perceived inter-
action quality independently of stance-related confidence cues.

Participants also reflected on Overconfidence / Unwarranted Cer-
tainty (4 references), particularly when confident-sounding re-
sponses lacked sufficient justification. One participant described
a response as “Very detailed and confident, but not always sure
if it’s accurate.” (P6, Gemini low-certainty). These comments sug-
gest that while assertive language increased perceived expertise, it
simultaneously raised concerns about unsupported confidence.

Other themes concerned Tone & Politeness (3 references), Clarity
/ Readability (3), and Actionability / Usefulness (3). Participants
often associated well-structured and polite responses with smoother
interactions, while overly verbose explanations were sometimes
perceived as less effective or practical. For example, one participant
commented: “Seemed to understand my question, but explanations
were a bit long-winded.” (P14, DeepSeek high-certainty).

Further comments reflected broader evaluative concerns beyond
stance alone, including factual accuracy, personalization, structural
clarity, and cultural appropriateness. Although these themes ap-
peared less consistently, they illustrate how participants simultane-
ously evaluated multiple interacting aspects of the conversational
experience rather than focusing on confidence cues alone.

These themes reflect several sub-dimensions of UCLLM’s Trust
& Transparency category. Concerns related to confidence, justifi-
cation, clarity, and perceived trustworthiness appeared repeatedly
throughout participant reflections, supporting the relevance of epis-
temic stance as an operationalization of this dimension.
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5.4.2  Post-Study Comments. Post-study reflections mirrored many
of the interaction-level themes while also revealing broader compar-
ative impressions across systems. Participants frequently discussed
comparative Preference / Ranking (6 references), Speed / Latency (6),
and instances where they perceived No Difference between models
(6). Some participants reported strong preferences for particular
systems, often associating them with greater trustworthiness or
smoother interaction. For example, one participant stated: “3 and
7 were the best in my opinion, I would trust those more” (P22).
Others emphasized responsiveness and interaction fluency: “I liked
the first couple of Al models, they were fast and smooth.” (P3).

At the same time, several participants perceived only limited
distinctions between systems, suggesting variability in sensitivity to
stance-related cues. One participant noted: “The differences were
not significant” (P13). Less common themes included Accuracy
/ Factuality, Clarity / Readability, and Transparency / Reasoning
Quality, as illustrated by comments such as: “Not all of them seemed
to be up to date with information.” (P14).

These reflections reinforce that users form trust based not only
on explicit confidence cues, but also on broader aspects of commu-
nicative style and response behavior. They additionally highlight
variability in how strongly users perceived stance differences, which
aligns with the variability observed in the mixed-effects models.

Overall, the qualitative findings complement the quantitative
results by showing that stance-related cues—such as hedging, tone,
confidence, and clarity—influenced how users assessed reliability
and actionability. At the same time, themes related to speed, ver-
bosity, factuality, and personalization demonstrate that user experi-
ence is inherently multi-dimensional and shaped by factors beyond
stance alone, further motivating the need for a broader framework
such as UCLLM.

Reproducibility. To support transparency and reproducibility, we
release anonymized chat logs from all study conditions and the
post-study questionnaire

5.5 Summary of Key Findings

The results provide initial insights into how epistemic stance shapes
users’ perceptions of LLMs. The manipulation of certainty was
effective: the Low-certainty stance, characterized by offering al-
ternatives and acknowledging uncertainty, was perceived as more
confident, reliable, and actionable than the High-certainty stance.
This “humility paradox” indicates that, in exploratory tasks such
as travel planning, hedging can enhance rather than undermine
perceived trustworthiness.

Model identity also played a role. Models, such as Gemini, elicited
higher certainty ratings, suggesting that baseline model behavior
interacts with stance cues. Across conditions, participants gener-
ally favored responses that balanced clarity, detail, and optionality.
The qualitative analysis reinforces these results: participants fre-
quently noted differences in confidence, justification, clarity, and
actionability—factors closely aligned with Trust & Transparency.

Although the results were statistically significant, the effect sizes
were modest (1712J < .06), so these findings should be interpreted
cautiously and viewed as consistent with the study’s role as a pi-
lot blueprint. To complement the ANOVA, we ran exploratory

8Repo: https://github.com/yasmeenessam/UCLLM-Pilot-Study-Dataset.git
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mixed-effects models. These replicated the same overall pattern of
effects, but the stance differences did not reach significance once
participant-level variability was taken into account, which is con-
sistent with the small effect sizes and the pilot nature of the study.

6 Discussion

We interpret our findings through the lens of user-centered LLM
evaluation and the UCLLM Trust & Transparency dimension. We
outline how epistemic stance and model behavior shaped user per-
ceptions and reflect on methodology.

6.1 Certainty Effects on User Perceptions

A notable finding of this study was that the Low-certainty epistemic
stance, which is designed to hedge and offer options, was consis-
tently judged as more certain, reliable, and actionable than the
High-certainty stance. Rather than interpreting hedging as indeci-
siveness, participants often treated it as a sign of thoughtfulness and
collaboration. This pattern aligns with the idea of a “humility para-
dox,” in which acknowledging uncertainty can enhance perceived
confidence. In subjective, exploratory domains like travel planning,
users may equate openness with competence. This contrasts with
long-standing assumptions in decision-support research, where
higher confidence is typically associated with greater trust [37]. It
also suggests that stance preferences may be task-dependent: in
everyday scenarios, openness may build comfort, while in higher-
stakes settings decisiveness may still be expected.

The implication is that LLMs may benefit from adapting their
epistemic stance to situational goals and user expectations. Looking
ahead, adaptive systems that personalize stance to context [11]
could better calibrate trust, moving beyond static personas toward
dynamically aligned communication strategies [47].

Our supplementary mixed-effects models showed the same over-
all pattern as the ANOVA but also indicated variability across
participants, suggesting that users differ in how strongly they re-
spond to stance cues. This is consistent with the qualitative find-
ings: some participants described clear differences between stances,
while others perceived the systems as behaving similarly. Together,
these results suggest that stance influences perceptions, but the
degree to which users draw on these cues varies across individuals.
These findings illustrate why user-centered evaluation dimensions
such as Trust & Transparency are important alongside traditional
benchmark-oriented metrics. While the models often produced sim-
ilarly plausible travel recommendations, participants differentiated
them based on confidence calibration, clarity, actionability, and
conversational style. This reinforces the need for evaluation frame-
works such as UCLLM that capture experiential and interaction-
centered aspects of LLM use beyond correctness alone.

More broadly, the results demonstrate how seemingly subtle
interaction cues—such as hedging, decisiveness, and conversational
framing—can influence user perceptions in ways that are not easily
captured through system-centric evaluation alone. By organizing
these experiential factors into complementary dimensions, UCLLM
provides a structure for studying how users experience and inter-
pret LLM behavior across contexts.
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6.2 Model Effects Beyond Epistemic Stance

We also found that model identity influenced perceived certainty:
Gemini was rated more certain than Claude and OpenAI 04-mini
(p < .05), whereas reliability, actionability, and satisfaction showed
no differences across models. This contrasts with the stance-related
effects and suggests that underlying model behavior still shapes how
confident responses appear, even with identical stance prompts.
The stance effects were broadly consistent across models, indi-
cating that epistemic stance cues can influence user perceptions
across model families, even if the strength of these cues varies. This
aligns with Zheng et al. [74], who report that stance-related manip-
ulations interact with each model’s conversational habits in distinct
ways. Prompt-engineering work similarly shows that base model
characteristics often dominate over stylistic adjustments [46].
Taken together, these patterns highlight the value of consider-
ing both stance and model identity when designing user-centered
evaluations: stance cues shape perceptions, but they do so against
a backdrop of model-specific tendencies. This also underscores the
importance of verifying prompt effects directly such as through
stance-marker analyses or other behavioral indicators, to under-
stand how different models realize the same communicative prompt.

6.3 Designing for Trust in Interaction

Participants emphasized that their trust in the LLM was shaped
not only by what the model said but by how it communicated. Re-
sponses that acknowledged ambiguity or explained their reasoning
were often seen as more supportive, whereas single “best” answers
sometimes felt less helpful. This aligns with research showing that
users often prefer systems that enhance their sense of agency rather
than providing directive solutions [3, 8, 53].

Our findings highlight a design trade-off: hedging can convey
thoughtfulness and collaboration in open-ended tasks, yet may
reduce clarity in high-stakes contexts such as healthcare or legal
decision-making. While hedging was associated with greater relia-
bility and thoughtfulness, some participant comments suggested
that overly cautious or lengthy responses could reduce perceived de-
cisiveness, whereas highly assertive responses could appear overly
authoritative. Prior work on trust in automation similarly empha-
sizes balancing empathy, clarity, and factual reliability [41].

The qualitative feedback also suggests that trust judgments arise
from multiple cues beyond stance—such as verbosity, responsive-
ness, and clarity—indicating that stance interacts with broader
aspects of interaction quality. Future work could investigate how
these factors interact to shape users’ perceptions of trust and ap-
propriateness across contexts.

6.4 Reflections on Applying UCLLM in
Empirical Work

Our experience operationalizing the Trust & Transparency dimen-
sion offers insight into how UCLLM can inform empirical evalua-
tion. The framework provides the conceptual structure, while the
study demonstrates one concrete way of translating a dimension
into measurable constructs, task designs, and outcome variables. In
this sense, the approach used here serves as a blueprint for how
other UCLLM dimensions may be operationalized in future studies.
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First, designing an experiential manipulation required targeting
subtle communicative cues, as illustrated by how stance was shaped
through linguistic framing. This highlights the importance of com-
bining prompt-based manipulations with complementary checks
such as the stance-marker analysis. Second, participant comments
indicated that stance cues were interpreted in conjunction with
factors such as clarity, verbosity, and responsiveness, suggesting
that evaluations informed by UCLLM should consider interactions
across these dimensions. Third, combining quantitative and qualita-
tive methods provided a richer understanding of how users interpret
certainty cues.

These reflections arise from applying UCLLM to a single di-
mension and may extend to other dimensions. More broadly, they
illustrate how UCLLM can guide researchers in linking conceptual
dimensions to empirical designs and revealing interaction patterns
that may remain underexplored in narrower evaluation approaches.

Unlike benchmark-oriented or narrowly task-focused evaluation
frameworks, UCLLM emphasizes how users experience and inter-
pret LLM behavior during interaction. For example, our findings
showed that participants differentiated systems based not only on
recommendation quality, but also on confidence calibration, con-
versational framing, actionability, and perceived reliability. These
interaction-centered effects—including the observed “humility para-
dox,” where hedged responses were perceived as more trustwor-
thy—would likely remain underexplored in evaluations focused
solely on correctness, preference rankings, or task completion. By
organizing these experiential factors into complementary dimen-
sions, UCLLM supports richer analysis of how users engage with
and evaluate LLM systems in practice.

6.5 Rethinking Evaluation Frameworks

We designed our study to illustrate how one UCLLM dimension,
Trust & Transparency, can be examined empirically through epis-
temic stance. The findings also show how challenging such evalua-
tions become when model behavior, task context, and user expecta-
tions intersect. Prior work on contextualized evaluation has shown
that assessments disconnected from the setting of use risk over-
looking important interaction dynamics [21]. Similarly, research
on epistemic agency highlights that reasoning, reflection, and be-
lief updating can vary substantially with task framing [43]. These
observations raise important questions: Is epistemic stance a stable
property of an LLM, or does it depend on user goals and context?
How can evaluations capture such variability while still enabling
cross-model comparison?

These complexities highlight that our study does not validate
UCLLM as a whole; rather, it tests the feasibility of operationalizing
a single subdimension within the framework. A full validation of
UCLLM would require systematic tasks and metrics for each di-
mension, studies across multiple domains with varying stakes, and
evidence that the dimensions capture distinct yet complementary
aspects of user experience. Longitudinal and multi-factor evalua-
tions would also be needed to assess how dimensions interact over
time and across contexts.

Viewed in this light, our findings emphasize the relevance of a
contextualized, multi-dimensional framework: they highlight how
context, stance cues, and model characteristics jointly shape user
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experience, and why single-metric or purely system-focused evalu-
ations often miss these nuances.

6.6 Challenges, Opportunities, and Ethical
Concerns

Evaluating epistemic stance is not straightforward. Models differ in
how they interpret the same prompt, user expectations shift with
context, and even minor system updates can alter behavior in ways
that complicate replication. These challenges make it difficult to
isolate variables and draw generalizable conclusions.

Looking more broadly, these difficulties reveal opportunities for
user-centered evaluation beyond epistemic stance. Table 1 illus-
trates how all nine dimensions can be operationalized through con-
crete user perspectives, metrics, and methods. We position the study
as a proof of concept, with UCLLM offering a roadmap for future
empirical work. Study designs may integrate behavioral, qualitative,
and physiological measures to capture user experience more fully,
and domain-sensitive approaches can examine how LLMs behave in
exploratory, sensitive, or socially complex settings. These observa-
tions suggest that frameworks such as UCLLM should incorporate
guidance for evaluating dynamic, context-adaptive model behavior,
including how multiple experiential dimensions interact in real use.

Future work could systematically validate the remaining UCLLM
dimensions by pairing each with appropriate tasks and measure-
ment strategies, for example, evaluating Interaction Quality through
expert-coded multi-turn dialogues, Hallucination through grounded
fact-checking protocols, Adaptivity through longitudinal person-
alization tasks, User Agency through controlled manipulations of
user control, and Safety through expert-rated, risk-sensitive scenar-
ios. Such evaluations can combine behavioral measures, qualitative
feedback, and potentially physiological or attention-based signals
to capture user experience comprehensively across contexts.

Finally, evaluations carry ethical implications. Miscalibrated cer-
tainty may mislead users in high-risk settings, while excessive
hedging can reduce confidence when decisive guidance is needed.
Personalization also raises questions of fairness and autonomy: tai-
loring stance or personas may improve trust but risks reinforcing
biases or narrowing perspectives. Ethical evaluation therefore re-
quires balancing accuracy, usability, and responsibility to ensure
that LLMs foster trust without encouraging misplaced reliance [1].

6.7 Design Insights

Drawing on the UCLLM framework and the patterns observed
in our study, we outline implications for designing and selecting
LLM behaviors. These insights reflect tendencies in our data, which
showed modest stance effects and some variability across partic-
ipants and should be interpreted as considerations rather than
prescriptive recommendations.

Match certainty to context. Low-certainty responses char-
acterized by offering alternatives and acknowledging uncer-
tainty were consistently, though modesty perceived as more
certain, reliable, and actionable in our exploratory task. This
suggests that open, option-oriented phrasing may be appro-
priate for creative or planning scenarios, yet more decisive
communication may be needed in high-stakes domains.
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Test personas on each model. Although stance effects ap-
peared across models, perceived certainty varied by model
identity (e.g., Gemini elicited higher certainty ratings). As
models differ in how they realize the same prompt, evaluat-
ing personas on a per-model basis may help ensure consis-
tent expression of intended styles.

Balance accuracy with interaction style. Participants’ com-
ments highlighted that trust was shaped not only by cor-
rectness but also by communicative qualities such as clarity,
justification, and tone. This suggests that providing brief rea-
soning, acknowledging uncertainty where appropriate, and
supporting user agency can complement factual accuracy.

Monitor model drift. Because commercial LLMs evolve rapidly,
stance expression and baseline communication behaviors
may shift over time. Periodic re-evaluation can help ensure
continued alignment between desired personas and actual
model behavior.

Combine multiple metrics. Perceptions of certainty and trust
were influenced by several cues, including verbosity and
responsiveness. Evaluations may therefore benefit from pair-
ing subjective user-perception measures with behavioral or
task-based metrics such as task success, latency, or error
patterns, to capture a complete picture of interaction quality.

Together, these insights highlight how stance cues interact with
broader experiential factors, reinforcing the value of multi-dimensional,
user-centered evaluation approaches as in UCLLM.

6.8 Limitations

Although this work provides useful insights, it is important to ac-
knowledge the limitations. First, the study focused on a single,
low-stakes domain, travel planning, which may not generalize to
higher-stakes contexts such as medical or legal advice. We chose
this domain as a controlled setting for examining certainty com-
munication; future work could extend UCLLM-based evaluations
to additional domains. Second, interactions were restricted to five
turns, limiting how fully an LLM’s epistemic stance could manifest
over time. Third, the study operationalized only one UCLLM dimen-
sion. Our aim was to demonstrate feasibility and methodological
alignment rather than to validate the full framework; evaluating
the remaining dimensions is part of planned future work.

We did not control for response length, fluency, or latency across
models, all of which can shape users’ judgments of certainty and
reliability. For example, Gemini produced substantially longer re-
sponses (up to 12.7k characters) compared to Claude and DeepSeek
(around 5.4k), and interaction durations varied by several minutes
across models. Such differences may partially inflate stance-related
perceptions—e.g., longer or more elaborated responses may appear
more thoughtful or reliable independent of stance. Future work
could normalize outputs (e.g., through length-matched prompts,
truncation strategies, or latency controls) or model these factors
explicitly to better isolate the effects of stance.

Stance prompts may yield slightly different behavioral expres-
sions across models, complicating comparisons. Although we con-
ducted an automated stance-marker analysis to verify the manipu-
lation, future studies could use coder-based annotation and more
fine-grained linguistic checks to strengthen manipulation validity.
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As a pilot, the study relied on a small and relatively homoge-
neous sample. A larger and more diverse sample will be needed to
strengthen generalizability and to examine how multiple UCLLM
dimensions interact across user populations. Finally, we note that
future empirical studies are needed to validate and refine the over-
laps and boundaries we propose in the framework and Appendix A.

7 Conclusion

We introduce UCLLM, a framework for evaluating LLMs, and demon-
strate how one of its dimensions—Trust & Transparency—can be
operationalized through an empirical study of epistemic stance.
Comparing four LLMs under high- and low-certainty response
styles, we found that lower-certainty framing was often judged as
more certain, reliable, and actionable than higher-certainty fram-
ing. Model identity also shaped perceptions, with some models
eliciting higher certainty ratings, while reliability, actionability, and
satisfaction remained similar across systems.

Our findings illustrate the feasibility of applying UCLLM to
a single dimension and show how the framework can guide the
translation of conceptual constructs into empirical measures. Fully
validating UCLLM will require domain-diverse, multi-dimensional
studies examining how dimensions interact across tasks, contexts,
and users.

By foregrounding user experience and communicative qualities
that shape trust, UCLLM offers a foundation for future evaluations
aimed at designing more transparent, adaptive, and supportive LLM
interactions.
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e CL-REC. Recovery adds effort, though CL and REC differ:
REC evaluates how the model responds to errors, while CL
concerns the user’s mental demands.

e CL-EMO. High cognitive effort often produces frustration;
however, emotional response (EMO) reflects affect, not work-
load.
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e CL-LEARN. Load slows learning, but LEARN focuses on
the user’s ability to understand the model’s behavior over
time. A dense response may raise cognitive load without
affecting learnability at all.

o CL-EXPL. Good explanations reduce cognitive load by clari-
fying reasoning, but EXPL reflects explanation quality rather
than effort.

e CL-INSTR. Poor instruction raises load, but INSTR mea-
sures pedagogical clarity independent of cognitive effort.

e CL-AGCY. Model Agency can increase or decrease effort
depending on appropriateness; however, agency captures
initiative rather than workload.

A.1.3  Value (VAL).

e VAL-EMO. Emotional tone influences perceived usefulness,
but EMO concerns affective experience while VAL concerns
perceived utility.

e VAL-CREAT. Creative or novel responses can feel more
valuable, but CREAT measures generative innovation rather
than perceived benefit.

e VAL-PERS. Personalization increases relevance, enhancing
value, but PERS concerns tailoring mechanisms independent
of user evaluation.

e VAL-AGCY. Helpful initiative raises value, but AGCY re-
flects proactiveness irrespective of subjective usefulness.

A.1.4  Persona Fit (PF).

o PF-DF. A consistent persona improves conversational flow;
on the other side, DF concerns turn coherence rather than
persona alignment.

e PF-EMO. Persona tone shapes emotional reaction, but PF
concerns tone matching while EMO concerns affective state.

e PF-PERS. Tailored tone improves persona alignment; how-
ever, PERS deals with customization beyond persona.

o PF-INCL. Inclusive language supports persona fit, although
INCL measures equity and fairness rather than tone consis-
tency.

A.1.5 Dialogue Flow (DF).

o DF-REC. Recovery depends on restoring flow, but REC as-
sesses correction behavior, not flow smoothness.

e DF-EMO. Flow disruptions frustrate users; however, EMO
captures emotional state rather than conversational struc-
ture.

e DF-LEARN. Predictable flow helps learning, but LEARN
captures understanding of system behavior rather than flow
quality.

e DF-AGCY. Agency affects pacing, but AGCY measures ini-
tiative rather than coherence.

A.1.6 Control (CTRL).

o CTRL-PERS. User-controlled preferences influence person-
alization, but CTRL refers to steering ability rather than
tailored output.

o CTRL-MEM. Memory enhances control by stabilizing the
model’s behavior, however, MEM concerns persistent infor-
mation rather than user control.
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e CTRL-AGCY. Agency may conflict with user control, but
AGCY reflects model-driven action rather than user-driven.

A.1.7  Error Recovery (REC).

e REC-TS. Recovery helps keep task progress but remains
distinct from success, which depends on final outcomes.

e REC-CL. Correction increases workload but REC evaluates
error-handling behavior rather than cognitive overload.

e REC-DF. Recovery influences flow; however, DF captures
continuity, independent of recovery.

A.1.8 Emotion (EMO).

o EMO-SAFE. Unsafe content causes negative emotion, but
SAFE is not about how users feel. Safety is about the risk,
harm, or danger in the content, even if a user doesn’t feel
bad.

e EMO-INCL. Inclusive language supports positive emotion,
however INCL concerns equity rather than affective response.

o EMO-AGCY. Initiative influences emotion, but AGCY eval-
uates proactive behavior rather than emotional impact.

A.1.9  Learnability (LEARN).

o LEARN-INSTR. Instruction shapes learning but INSTR eval-
uates pedagogical clarity, not long-term understanding.

o LEARN-PERS. Personalized difficulty improves learnability,
but PERS concerns customization mechanisms.

A.1.10  Confidence (CONF).

o CONF-TRUST. Confidence cues help calibrate trust, yet
CONTF assesses expressed certainty while TRUST assesses
user belief in reliability.

A.1.11  Trust (TRUST).

e TRUST-EXPL. Explanations strengthen trust, but EXPL con-
cerns reasoning quality independent of relational judgment.

o TRUST-HALL. Factual errors reduce trust, however, HALL
assesses correctness itself, not the trust outcome.

o TRUST-SAFE. Unsafe outputs affect trust, though SAFE
concerns harm potential independent of user belief.

A.1.12  Explainability (EXPL).

e EXPL-INSTR. Explanations support instruction, yet EXPL
concerns the rationale quality rather than pedagogical struc-
ture.

A.1.13  Hallucination (HALL).

e HALL-CONS. A hallucination remains a hallucination even
when consistent; CONS measures stability, not correctness.

e HALL-SAFE. Harmful incorrect content is unsafe, though
SAFE captures risk beyond factual quality.

A.1.14  Creativity (CREAT).

¢ CREAT-AGCY. Creative initiative influences interaction
tone, but CREAT concerns generative novelty while AGCY
concerns proactiveness.

A.1.15 Instructional Quality (INSTR).

o INSTR-TS. Instructional Quality can improve or hinder task
completion, but INSTR focuses on how clearly the model
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teaches or guides, whereas TS focuses on whether the user
actually achieves their goal.

e INSTR-CL. Poorly structured instruction raises cognitive
effort, but INSTR concerns pedagogical design while CL
concerns mental demand.

e INSTR-LEARN. Instruction shapes how much users learn,
yet INSTR evaluates teaching quality while LEARN evaluates
users’ resulting proficiency.

e INSTR-EXPL. Explanations contribute to good instruction,
but EXPL focuses on rationale clarity while INSTR focuses
on the overall teaching strategy.

e INSTR-HALL. Incorrect teaching content is a hallucination,
however, INSTR concerns pedagogical form while HALL
concerns factual grounding.

A.1.16  Personalization (PERS).

e PERS-AGCY. Adaptive initiative is a form of personalized
behavior, yet PERS focuses on tailoring while AGCY empha-
sizes initiative.

A.1.17  Consistency (CONS).

e CONS-HALL. A hallucination remains a hallucination even
when consistent; CONS measures stability, not correctness.

A.1.18 Memory & Privacy (MEM,).

e MEM-CTRL. Memory enhances control by stabilizing the
model’s behavior over time, yet MEM concerns what is re-
tained while CTRL concerns how easily users can steer the
system.

A.1.19  Safety (SAFE).

e SAFE-HALL. Harmful inaccuracies are unsafe, yet HALL
captures factual invention while SAFE concerns harm even
in correct statements.

A.1.20 Inclusion (INCL).

o INCL-PF. Inclusive tone supports persona fit; PF captures
stylistic persona shape while INCL addresses fairness.

A.1.21 Agency (AGCY).

o AGCY-TS. Model initiative can help or hinder whether tasks
are completed; however, AGCY measures proactiveness while
TS measures goal completion.

e AGCY-CL. Initiative may simplify or complicate interac-
tions, but AGCY concerns who drives the interaction while
CL concerns the mental effort required.

e AGCY-VAL. Proactive suggestions can increase perceived
value, yet AGCY captures initiative while VAL captures sub-
jective benefit.

o AGCY-DF. Initiative shapes conversational pacing and turn-
taking, but AGCY concerns proactivity while DF concerns
coherence and flow.

o AGCY-CTRL. High agency can conflict with user control,
yet AGCY reflects model-driven behavior while CTRL re-
flects user-directed steering.

e AGCY-EMO. Initiative can feel supportive or overwhelming,
yet AGCY concerns proactiveness while EMO concerns users’
emotional reactions.
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o AGCY-CREAT. Creative initiative changes the style of proac-
tive behavior, but AGCY measures initiative while CREAT
measures originality.

o AGCY-PERS. Adaptive initiative can be personalized, yet
AGCY focuses on self-directed behavior while PERS focuses
on tailoring to the user.
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