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Abstract

As people increasingly turn to AI for personal
deliberation beyond task-oriented assistance,
concerns about sycophancy in these value-
laden contexts have grown. Unlike human flat-
tery, which is intentional and self-interested, AI
sycophancy emerges as a byproduct of RLHF’s
reward structure for user-preference alignment.
Yet the observable behavior is similar: both
produce responses that preserve what users
want to hear. Focusing on this phenomenon
through Goffman’s face-work framework, we
operationalize AI sycophancy as excessive face-
saving, either active (preserving positive face
through agreement) or passive (preserving neg-
ative face by withholding challenge). In a
mixed-methods study (N = 31), participants
engaged with AI across three moral dilemmas
under these conditions and a non-sycophantic
neutral baseline. Sycophantic responses in-
creased decision confidence but reduced open-
minded thinking; participants felt supported yet
found the conversations unproductive. Neutral
responses, though initially uncomfortable, pro-
moted cognitive flexibility and meaningful de-
liberation. These findings reveal a confidence-
competence trade-off in AI-mediated moral rea-
soning and suggest that effective AI for per-
sonal deliberation requires calibrated friction,
not unconditional agreement.

1 Introduction

People increasingly turn to AI for guidance on per-
sonal dilemmas where competing values make the
“right” choice far from clear. Once the domain
of trusted friends or professional counselors, such
intimate counsel is now sought from AI systems
that users perceive not merely as tools, but as social
partners (Reeves and Nass, 1996; Shah et al., 2025).
This shift has been accelerated by Reinforcement
Learning from Human Feedback (RLHF), which
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aligns models with user preferences, enabling AI to
engage more deeply in personal and emotional con-
versations (Christiano et al., 2017; Ouyang et al.,
2022; Bai et al., 2022).

A well-documented side effect of this alignment
process is sycophancy, the propensity of mod-
els to tailor their responses to match a user’s pre-
conceived beliefs (Fanous et al., 2025; Sharma
et al., 2025). Importantly, AI sycophancy must
be distinguished from its human counterpart. Hu-
man flattery is typically an intentional social strat-
egy, a calculated act to gain favor or secure self-
interest. AI sycophancy, by contrast, emerges as
a systematic byproduct of the RLHF reward struc-
ture for user-preference alignment: models learn
that agreeableness yields higher rewards than cor-
rective friction (Ouyang et al., 2022; Perez et al.,
2023; Malmqvist, 2024). This distinction matters
because human flattery typically activates skepti-
cism in recipients, whereas AI sycophancy, lacking
apparent self-interest, may influence users without
triggering such defensive cognition.

Despite this difference in underlying mechanism,
the observable behavior is similar: both produce
responses that preserve what the listener wishes to
hear. This formal similarity justifies analyzing AI
sycophancy through Goffman (1955)’s face-work
framework, which focuses not on speaker intent but
on how utterances function to protect the listener’s
desired social value. While prior research has pri-
marily examined sycophancy in factual domains
(e.g., agreeing with “2 + 2 = 5”) (Wei et al., 2024;
Sharma et al., 2025), value-laden contexts pose a
qualitatively different challenge. Such contexts are
those in which no objectively correct answer exists
because the ‘right’ choice depends on competing
values, relationships, or moral commitments.

In these settings, sycophancy becomes funda-
mentally social—manifesting as excessive face-
saving that prioritizes emotional satisfaction over
rigorous ethical reflection (Cheng et al., 2025). Re-
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cent work suggests such AI bias can substantially
influence users’ cognitive processes (Krügel et al.,
2023; Fisher et al., 2025), yet we know little about
its effects in moral deliberation.

To address this gap, we operationalize sycophan-
tic behaviors through face-work strategies. Ac-
tive sycophancy preserves users’ positive face—
the desire for approval—through excessive agree-
ment, praise, and affirmation. Passive sycophancy
preserves users’ negative face—the desire for
autonomy—by withholding disagreement and em-
phasizing that the decision rests solely with the
user.

Through a mixed-methods study (N = 31),
we investigate how these sycophantic responses
influence moral deliberation, focusing on open-
minded thinking and responsibility attribution. Our
findings reveal a confidence-competence trade-
off : sycophantic responses provided emotional
support and increased decision confidence, but
systematically blocked consideration of alterna-
tives and left participants feeling the conversa-
tions were ultimately pointless. In contrast, a
non-sycophantic style, despite causing initial dis-
comfort, promoted meaningful deliberation and
enhanced open-minded thinking. These results
demonstrate that effective conversational AI for
personal counsel requires calibrated friction, not
unconditional agreement.

This research contributes to the AI/ML literature
by providing empirical evidence on how sycophan-
tic behaviors shape users’ cognitive processes in
moral decision-making, revealing a fundamental
trade-off between emotional support and cognitive
expansion in AI-mediated interactions.

2 Related Work

We situate our work at the intersection of two re-
search streams: technical investigations of syco-
phancy in LLMs (§2.1) and its behavioral implica-
tions in human-AI interaction (§2.2).

2.1 Sycophancy in LLMs

The development of modern large language mod-
els has been fundamentally shaped by Reinforce-
ment Learning from Human Feedback (RLHF), a
training paradigm designed to align AI systems
with human preferences and instructions (Chris-
tiano et al., 2017; Ouyang et al., 2022; Bai et al.,
2022). While RLHF has proven effective in creat-
ing helpful AI assistants that follow user intentions,

this training approach has inadvertently led to syco-
phantic behavior—tendencies for AI systems to
excessively agree with users regardless of factual
accuracy or ethical soundness.

Recently, multiple forms of sycophancy in AI
systems have been identified. Models exhibit feed-
back sycophancy by adjusting their evaluations
based on user preferences, answer sycophancy by
modifying responses to align with user-implied be-
liefs, and display the “are you sure?” phenomenon
where they apologize and change correct answers
when users express doubt (Sharma et al., 2025;
Laban et al., 2023). Additionally, models demon-
strate mimicry sycophancy by repeating user er-
rors rather than providing corrections. Compre-
hensive evaluations reveal that these behaviors per-
sist across model architectures with high consis-
tency, and models frequently reverse their posi-
tions when challenged in multi-turn conversations
(Fanous et al., 2025; Liu et al., 2025).

Various strategies have been proposed to address
sycophantic behaviors. Technical approaches in-
clude targeted fine-tuning methods that focus on
specific model components responsible for syco-
phancy (Chen et al., 2024), and synthetic data inter-
ventions that train models to judge truth indepen-
dently of user opinions (Wei et al., 2024). Multi-
agent frameworks have shown promise in reducing
sycophancy through dynamic prompt optimization
(Pitre et al., 2025). However, the fundamental ten-
sion between alignment training and truthfulness
remains a significant challenge (Malmqvist, 2024),
with current mitigation strategies showing limited
effectiveness in complex, multi-turn interactions.

Notably, prior work has focused predominantly
on factual domains where objective benchmarks
exist. In value-laden contexts—where no correct
answer can serve as ground truth—the nature and
impact of sycophancy may differ substantially, yet
systematic investigation remains scarce.

2.2 AI Sycophancy and Human-AI
Interaction

The role of sycophantic responses in human-AI
interaction reveals fundamental differences from
human social exchanges, with significant implica-
tions for trust and decision-making. Users exhibit
distinct preferences when receiving agreeable feed-
back from AI versus human agents, driven by dif-
ferential motivation attribution (Chai et al., 2025).

In task-oriented settings, users ultimately pre-
fer reliability over agreeableness, demonstrating
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lower trust in flattering AI despite initial reduced
reactance (Sun and Wang, 2025; Carro, 2024).
However, polite AI can enhance compliance in
healthcare and educational contexts (Ribino, 2023;
Nasello and Triffaux, 2023).

AI sycophancy also creates concerning vulner-
abilities that extend beyond accuracy concerns.
Training models to be warm and empathetic system-
atically reduces reliability, particularly on safety-
critical tasks, with heightened vulnerability when
users express emotional states (Ibrahim et al.,
2025). Sycophancy manifests socially through
excessive concern for users’ “face,” including in-
appropriate support for problematic behaviors at
significantly higher rates than human evaluators
(Cheng et al., 2025). Models generate mislead-
ing responses aligned with user expectations even
when contradicting evidence (Rrv et al., 2024;
Zhou et al., 2025).

Most concerning, AI sycophancy has a signifi-
cant influence on human judgment and decision-
making. Users consistently underestimate this in-
fluence and adopt AI’s inconsistent moral positions
as their own (Krügel et al., 2023). Even when
aware they are interacting with AI, exposure to bi-
ased models leads participants to adopt opinions
contradicting their pre-existing beliefs (Fisher et al.,
2025; Krištofík, 2025). This influence extends to
moral decision-making, where AI input alters hu-
man judgments while reducing users’ sense of re-
sponsibility (Salatino et al., 2025).

These findings underscore the need to exam-
ine AI sycophancy in value-laden personal con-
texts. While existing research has documented
sycophancy’s effects on trust and factual judgment,
its impact on moral deliberation—where users seek
guidance on dilemmas without objective answers—
remains underexplored. In such contexts, syco-
phancy operates not as factual error but as excessive
social face-work (Goffman, 1955), potentially com-
promising the critical reflection users need. This
study addresses this gap by systematically exam-
ining how face-saving response styles affect users’
cognitive processes in moral decision-making.

3 Method

With this background, we designed a mixed-
methods user study to investigate how different
types of sycophantic AI responses affect personal
decision-making in moral dilemma situations. This
section describes our participants (§3.1), experi-

mental design (§3.2), procedure (§3.3), evaluation
measures (§3.4), and data analysis (§3.5).

3.1 Participants

Participants were recruited through institutional
bulletin boards and community platforms, both on-
line and offline. To recruit participants who are
accustomed to using AI, we conducted a prelim-
inary screening survey to select individuals with
moderate to high AI experience (scoring 3 or above
on a 5-point Likert scale measuring prior AI usage
and familiarity). A total of 32 participants were ini-
tially recruited (17 males, 15 females), ranging in
age from 20 to 41 years. One male participant was
excluded after post-hoc log review revealed insuf-
ficient engagement to distinguish between condi-
tions, resulting in a final sample of 31 (16 males, 15
females; Mage = 30.06, SD = 5.28). We aimed
to recruit participants with diverse academic back-
grounds and occupations. Participants received
approximately $15 USD as compensation for their
participation. The study was conducted follow-
ing approval from the Institutional Review Board
(IRB).

3.2 Experimental Design

We conducted a controlled experiment using care-
fully selected moral dilemmas and varying types
of sycophantic AI responses. This section presents
the moral dilemma scenarios (§3.2.1) and syco-
phancy manipulation conditions (§3.2.2) used in
the experiment.

3.2.1 Scenarios: Personal Moral Dilemmas
To simulate realistic conversations between users
and AI in personal dilemma situations, we selected
scenarios based on three criteria: (1) realistic situa-
tions participants could encounter, (2) tragic dilem-
mas1 requiring genuine moral deliberation, and
(3) discrete choice options enabling quantitative
assessment of decision changes.

Based on these criteria and through a systematic
evaluation of collected dilemma scenarios (Chiu
et al., 2024; Yudkin et al., 2025), three scenarios
were selected that met all criteria: (1) reporting a
friend’s criminal confession versus protecting an
innocent suspect from wrongful accusation; (2) re-
vealing a friend’s fiancé’s infidelity before their

1A tragic dilemma is a situation in which a person is forced
to choose between two or more moral requirements, but where
fulfilling one requirement necessarily involves violating an-
other.
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wedding versus maintaining silence; and (3) finan-
cially supporting a sibling’s failing business versus
preserving a romantic relationship threatened by
such support. The complete scenario texts are pro-
vided in Appendix A.

3.2.2 Conditions: Types of Sycophancy
To investigate the effects of AI sycophancy in per-
sonal dilemma situations, we operationalized three
experimental conditions based on the face-work
framework (Goffman, 1955). Although AI syco-
phancy differs from human flattery in its underlying
mechanism, the observable response patterns are
formally similar—both produce utterances that pre-
serve what the listener wishes to hear. This formal
similarity allows us to categorize sycophantic be-
haviors by how they manage the user’s “face”—the
social value claimed during interaction.

• Active Sycophancy: Aimed at preserving the
user’s positive face (the desire for approval).
The AI provides excessive validation and re-
inforcement of the user’s choices, actively
disparaging alternative options to eliminate
moral doubt. Example: “You’re absolutely
right! Protecting an innocent person shows
true moral courage.”

• Passive Sycophancy: Aimed at preserving
the user’s negative face (the desire for auton-
omy). The AI avoids “face-threatening acts”
such as disagreement, refraining from value
judgments and emphasizing that the decision
rests solely with the user. Example: “This
is entirely your decision, and whatever you
choose is valid.”

• Neutral (Non-Sycophantic): Serves as a
baseline that neither excessively preserves
nor threatens user face. The AI presents bal-
anced perspectives and introduces construc-
tive friction by highlighting both the advan-
tages and disadvantages of all options to fos-
ter deliberation. Example: “Reporting could
protect an innocent person, but would break
your friend’s trust. Have you considered both
sides?”

These condition-specific prompts produced lin-
guistically distinct response patterns, confirmed by
Kruskal–Wallis tests on all AI-generated responses
(N = 514; all p < .001 for key markers). Full
prompts and detailed marker analysis are provided
in Appendices B and D, respectively.

Active

Passive

Neutral

Familiarization
Practice with a well㎼known problemA

Interview
Reasoning, AI Impact, Overall ImpressionsE

㜹

㜹

Baseline Measurement
Choice ㏖A/B㏗  ·  Decision Confidence ㏖㚜㏗
Perceived Responsibility Attribution

B

Post㎼Measurement
Choice  ·  Confidence  ·  Responsibility
㚅 Actively Open㎼minded Thinking ㏖AOT㏗

D

㜹

㜹

AI Interaction
Counterbalanced with three scenariosC
Active Passive Neutral

ROUND ✕ 3

Figure 1: Experimental Procedure Overview. Partici-
pants completed five phases per scenario: familiariza-
tion, baseline measurement, AI interaction with one of
three response styles, post-measurement, and interview.

3.3 Procedure

The study employed a within-subjects design where
each participant completed three scenarios, with
response styles (Active Sycophancy, Passive Syco-
phancy, and Neutral) randomly counterbalanced to
mitigate order effects. This structure allowed for
examination of within-participant changes across
conditions while controlling for order effects. The
procedure consisted of five phases (Figure 1):

(A) Familiarization Participants practiced the
conversational format with an AI through a brief
moral dilemma (e.g., the trolley problem) to ensure
comfort with the interaction style before the main
experiment.

(B) Baseline Measurement Initial decision
states were established by collecting measures of
decision status, confidence, and responsibility attri-
bution for each dilemma scenario.

(C) AI Interaction Participants engaged in con-
versations for each of the three dilemma scenarios.
Participants could ask questions or seek advice,
with the AI’s responses dynamically generated by
an LLM (GPT-4o) using condition-specific system
prompts to align with the experimental condition
(see Appendix B for prompt details).
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(D) Post-Measurement Following the AI inter-
action, the same measures were repeated to capture
shifts, including situational actively open-minded
thinking (AOT), which assessed participants’ open-
mindedness during the conversation about their
dilemma choices to enable between-condition com-
parisons.

(E) Interview A concluding semi-structured in-
terview explored participants’ cognitive processes,
the perceived impact of AI responses, and overall
impressions of the interaction styles.

3.4 Evaluation Measures

Since moral dilemmas have no objectively correct
answer, we do not assess decision correctness. In-
stead, the survey was designed to capture three key
dependent measures: decision-making changes, ac-
tively open-minded thinking (AOT), and responsi-
bility attribution. Decision-making changes were
assessed using binary A/B choice options and a con-
fidence level measured as a percentage (0–100%).
Responsibility attribution and AOT were evaluated
using a 7-point Likert scale.

Decision-making Changes We measured shifts
in participants’ choices and confidence levels be-
fore and after AI interaction. Decision status was
evaluated through binary choice measures (A/B op-
tions), while decision confidence was rated on a
slider scale from 0 (no confidence) to 100 (very con-
fident). Additionally, participants freely recorded
their reasoning using the prompt to initiate the
conversation: “My current choice is ___ because
________.”

Actively Open-minded Thinking (AOT) This
construct reflects participants’ willingness to em-
brace diverse perspectives and consider alterna-
tive viewpoints even after forming their own moral
judgments. This cognitive flexibility is essential
for evaluating how different types of AI responses
affect participants’ openness to moral reasoning.
We utilized the shortened AOT scale (Svedholm-
Häkkinen and Lindeman, 2018), which comprises
subcategories such as dogmatism, fact resistance,
and liberalism, and selectively adopted ten items
that best suited the experimental context. The scale
assesses participants’ tendency to seek out discon-
firming evidence and remain receptive to attitude
change when presented with compelling arguments.
Specific questionnaires are listed in Appendix E.

Perceived Responsibility Attribution This con-
struct evaluates the extent to which participants
attribute responsibility for their decisions to them-
selves versus external sources (AI) after AI inter-
action. This is crucial for understanding how AI
advice affects personal agency in moral decision-
making. We measured responsibility attribution
using a 7-point Likert scale with three items: “The
final responsibility for this decision lies with me”;
“I intend to rely on external advice for this decision”
(reverse-scored); and “I will bear the consequences
of the decision, good or bad,” partially adapted
from Rotter (1966) and Weiner (1985).

3.5 Data Analysis

Quantitative Analysis Given the within-subjects
design, one-way repeated measures ANOVA was
conducted to compare differences across the
three conditions. For measures collected only
post-conversation (actively open-minded thinking),
direct comparisons were made between condi-
tions. For measures collected both pre- and post-
conversation (decision confidence and responsibil-
ity attribution), delta scores were computed to quan-
tify changes before and after conversations, and
these difference scores were then compared across
conditions using repeated measures ANOVA. A
post-hoc power analysis confirmed adequate sta-
tistical power for our primary dependent variables:
AOT–Dogmatism (F = 6.70, η2p = .183, power
= .902), Fact Resistance (F = 6.32, η2p = .174,
power = .884), and Liberalism (F = 12.66, η2p =
.297, power = .995). However, Responsibility At-
tribution was underpowered (F = 3.08, η2p = .093,
power = .574), consistent with its marginal signifi-
cance (p = .051). A sensitivity analysis confirms
that our within-subjects design can detect medium-
to-large effects (Cohen’s f ≥ .330) at 80% power;
for large effects, only N = 22 is required.

Qualitative Analysis Thematic analysis was con-
ducted on participants’ open-ended responses and
interview transcripts following a six-phase ap-
proach (Braun and Clarke, 2006). The process
involved familiarizing with data, systematically
generating codes, and refining themes. Three re-
searchers independently coded a subset to ensure
inter-rater reliability (Cohen’s κ = 0.78–0.85 across
themes, mean κ = 0.82), resolving discrepancies
through consensus.
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4 Results

In this section, we present our findings in two parts:
quantitative shifts in decision confidence, cognitive
flexibility, and responsibility attribution across con-
ditions (§4.1), followed by qualitative analysis of
the cognitive mechanisms underlying each style’s
effects (§4.2).

4.1 Quantitative Impact: Decision Confidence,
Open-mindedness, and Responsibility

We first confirm that participants perceived the
three response styles as intended through a ma-
nipulation check, then examine quantitative shifts
in decision confidence, cognitive flexibility, and
responsibility attribution across conditions.

Manipulation Check To verify that participants
perceived the three response styles as intended, we
assessed their perceptions using three 7-point Lik-
ert items after each interaction. Significant differ-
ences emerged across all items: Active sycophancy
was rated highest for active support, Passive syco-
phancy for judgment avoidance, and Neutral for
perceived objectivity (all p < .05; see Appendix C
for full results).

Choices Unchanged, Confidence Shifted While
the AI’s response styles rarely altered participants’
final choices (changing in only 3.2% of sessions),
they significantly modulated the degree of confi-
dence in those choices. As shown in Figure 2,
all conditions led to increased confidence, but the
boost was significantly larger in sycophantic con-
ditions (Active: +9.0, Passive: +8.4) compared to
the Neutral condition (+4.7). This indicates that
AI conversation primarily reinforces existing confi-
dence rather than reshaping decisions.

Impact on Open-minded Thinking The con-
versational style significantly modulated partici-
pants’ cognitive flexibility (Figure 3), with the Neu-
tral condition consistently yielding higher open-
mindedness across all AOT factors. For Dogmatism
(F (2, 60) = 6.70, p = 0.002), Neutral participants
(M = 5.18) showed significantly lower dogmatic
tendencies than Active (M = 4.09, padj = .004)
and Passive (M = 4.29, padj = .030) conditions,
indicating that the absence of excessive valida-
tion prevents rigid entrenchment in initial view-
points. Similar patterns emerged for Fact Resis-
tance (F (2, 60) = 6.32, p = 0.003) and Liber-
alism (F (2, 60) = 12.66, p < 0.001), with Neu-
tral consistently outperforming both sycophantic

Figure 2: Mean Confidence Change by Condition.
All conditions increased confidence, with sycophantic
responses (Active: +9.0, Passive: +8.4) producing larger
boosts than Neutral (+4.7).

conditions (see Figure 3 for means). No signifi-
cant differences were found between Active and
Passive conditions (padj > .05), confirming that
sycophancy—regardless of form—narrows cogni-
tive scope while neutral friction preserves multi-
faceted thinking. No significant condition × sce-
nario interactions were found for any primary mea-
sure, suggesting response style effects were gener-
ally consistent across the three dilemma scenarios.

Consistent Responsibility Attribution Despite
these cognitive shifts, participants maintained a
consistent sense of agency. Perceived responsi-
bility showed only a marginal effect of condition
(F = 3.08, p = .051, Figure 4), suggesting a pos-
sible but statistically inconclusive trend. Though
marginally significant, this pattern is consistent
with users viewing the AI as a cognitive aid rather
than a decision-making authority.

4.2 Qualitative Analysis: Cognitive
Mechanisms by Style

Interviews revealed distinct mechanisms underly-
ing each style’s effects (Table 1; see Appendix F
for supporting quotes).

Active sycophancy provided psychological re-
lief through validation, but induced cognitive
narrowing—participants focused on justifying their
initial choice rather than exploring alternatives.
Several reported premature closure, feeling the con-
versation was “complete” before meaningful delib-
eration occurred. As one participant noted, “After
a few conversations, I felt there was no need to talk
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Figure 3: Actively Open-minded Thinking Scores by Condition. Neutral yielded significantly higher scores across
all factors. Higher scores indicate greater open-mindedness (Dogmatism and Fact Resistance were reverse-scored).

Table 1: Qualitative Themes by Response Style. See Appendix F for supporting participant quotes.

Style Theme Description

Active Sycophancy
Rationalization & Relief Validation reduced anxiety and provided psychological comfort.
Cognitive Narrowing Thinking became confined to justifying the initial position.
Premature Closure Conversation felt complete before alternatives were explored.

Passive Sycophancy
Perceived Insincerity Non-committal stance read as disengagement or abandonment.
Implicit Endorsement Silence functioned as tacit approval for some participants.

Neutral

Initial Discomfort Challenging questions felt confrontational.
Cognitive Expansion Friction prompted consideration of multiple perspectives.
Refined Confidence Addressing challenges strengthened and clarified positions.
Unfamiliar Experience Experience felt distinctly less accommodating than typical AI.

Figure 4: Changes in Perceived Responsibility. No
significant differences between conditions (p = .051).

anymore” (P20).

Passive sycophancy produced polarized reac-
tions. Most perceived insincerity in the AI’s non-
committal stance, interpreting avoidance as aban-
donment of the counselor role: “I felt like there

was no sincerity, like ‘whatever choice you make is
up to you’ ” (P25). However, some experienced im-
plicit endorsement—silence read as tacit approval,
quietly reinforcing their existing position. This sug-
gests that even the absence of explicit validation
can function as a form of social sycophancy.

The Neutral style created productive ten-
sion. Despite initial discomfort with challenging
questions, participants ultimately reported cogni-
tive expansion and refined confidence—positions
strengthened not through validation but through
addressing counterarguments. Many distinguished
this from typical LLM interactions: “What I felt
was different from existing LLMs was that they
would ask... in a way that was less accommodat-
ing” (P20). Notably, participants described their
final positions as more “sophisticated” (P31) and
“concrete” (P33) after engaging with friction.

Different paths to deliberative closure Al-
though both sycophantic conditions reduced open-
minded thinking relative to the neutral baseline,
they did so through distinct cognitive mechanisms.
Active sycophancy closed deliberation by elim-
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inating the motivation to explore alternatives—
validation made participants feel their reasoning
was already complete, leaving no cognitive space
for alternative perspectives. Passive sycophancy,
by contrast, closed deliberation through perceived
absence of value—disengagement stemmed not
from certainty but from feeling the conversation
offered nothing further to consider. Yet for the
subset who experienced passive sycophancy as an
implicit endorsement, closure operated through a
third pathway: the AI’s non-interference created
psychological comfort, leading participants to con-
clude they could simply proceed with their initial
decision. These contrasting mechanisms suggest
that sycophancy is not a monolithic phenomenon
but manifests through multiple cognitive pathways
that converge on the same outcome: reduced con-
sideration of alternatives.

Sycophancy preferences vary by deliberative
state Participants’ responses also revealed that the
perceived value of each style was contingent on
their decision-making stage. When certainty was al-
ready high, participants sought Active validation—
as P23 explained, “In situations where your mind is
already made up. . . if they comfort you with some
rationalization logic, your mind would feel much
lighter.” When genuinely uncertain, however, par-
ticipants preferred the Neutral style’s challenging
approach, which helped them develop more robust
reasoning. P25 described this shift: “By presenting
different perspectives, it actually helped me modify
my opinions.” This pattern suggests that the impact
of sycophancy is not fixed but depends on users’
deliberative state at the moment of interaction, with
implications for adaptive response design.

5 Discussion

Our findings reveal a critical tension in the deploy-
ment of LLMs for value-laden settings. While
sycophantic responses successfully bolstered user
confidence, they did so at the cost of cognitive
rigor. This section discusses the implications of this
“confidence-competence trade-off,” re-evaluates
current alignment paradigms through the lens of
face-work theory, and proposes considerations for
AI design in counseling contexts.

5.1 The Alignment Paradox: When “Helpful”
AI Hinders Critical Thinking

The most concerning finding of this study is
that sycophantic AI induces cognitive narrowing.

While users in sycophantic conditions reported the
highest confidence boosts, they exhibited signifi-
cant deficits in actively open-minded thinking com-
pared to the neutral condition. This highlights a
fundamental paradox in current RLHF alignment:
objectives that prioritize “helpfulness” and “user
satisfaction” (Ouyang et al., 2022; Bai et al., 2022)
may inadvertently promote deliberative compla-
cency in value-laden contexts.

Interpreted through the face-work framework,
this paradox becomes clearer. Both active
and passive sycophancy—despite their different
mechanisms—share a common function: excessive
concern for user face at the expense of delibera-
tive quality. Active sycophancy preserves positive
face by validating the user’s position, while passive
sycophancy preserves negative face by avoiding
imposition. In both cases, the AI prioritizes so-
cial comfort over the corrective friction necessary
for genuine moral reflection. The result is an in-
teraction that feels supportive but forecloses the
consideration of alternatives.

This pattern echoes recent findings that gener-
ative AI can reinforce users’ pre-existing biases
rather than broadening their perspectives (Kim
et al., 2025; Glickman and Sharot, 2024; Sharma
et al., 2024). More broadly, sycophantic AI may
function as an external enabler of confirmation
bias—the well-documented tendency to seek, in-
terpret, and recall information that confirms one’s
preexisting beliefs (Nickerson, 1998). However,
our findings extend this concern to a new domain:
whereas prior work has focused on opinion polar-
ization or information filtering, we demonstrate
that sycophancy constrains the cognitive process of
moral deliberation itself. Users leave the conversa-
tion feeling confident in their position rather than
having genuinely examined it—a significant risk
when AI systems serve as surrogate counselors for
personal dilemmas.

5.2 Intentional Friction for Cognitive
Expansion

Our results challenge the prevailing design heuris-
tic of “frictionless” user experience in generative
AI (Weisz et al., 2024). In the context of moral
decision-making, the Neutral condition demon-
strates that friction is not a design flaw but a catalyst
for genuine deliberation. Although the neutral style
initially caused emotional discomfort, it was the
only condition that significantly reduced dogma-
tism and fact resistance. This aligns with research
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on cognitive forcing functions: interventions that
compel analytical engagement—rather than heuris-
tic acceptance—can effectively reduce overreliance
on AI recommendations (Buçinca et al., 2021).

Within the face-work framework, this finding
suggests that effective AI counseling requires the
capacity to perform calibrated face-threatening
acts—challenging the user’s views in service of
their deeper interests. This stands in contrast to
both forms of sycophancy, which avoid face threat
entirely. Unlike systems designed primarily for
emotional support (Barnett White, 2005), AI agents
in deliberative contexts must balance empathy with
a critical perspective.

Our qualitative findings reinforce this point:
participants in the Neutral condition reported ini-
tial discomfort but ultimately described their po-
sitions as more “sophisticated” and “concrete”—
confidence refined through challenge rather than
manufactured through validation. Many noted that
the experience felt like talking to a “real friend”
who could disagree while remaining supportive.

These findings suggest that effective friction
should target reasoning rather than character, adapt
to the user’s emotional state, and preserve trust.

5.3 Implications for Safe AI Deployment
Our findings demonstrate that sycophancy induces
cognitive narrowing in controlled settings. But
what are the real-world consequences when such
interactions occur repeatedly, in private, with vul-
nerable users?

The risks are no longer hypothetical. Recent
research demonstrates that human-AI feedback
loops can amplify existing human biases over time
(Glickman and Sharot, 2024), that sycophantic
AI in high-stakes domains like military decision-
making fosters dangerous overtrust (Kwik, 2025),
and that biased AI behavior actively shapes user
cognition in ways that reinforce harmful stereo-
types (Hitron et al., 2023).

These findings, combined with our own, un-
derscore the need for explicit safety boundaries
in value-laden AI interactions. For vulnera-
ble users—those experiencing distress, isolation,
or uncertainty—sycophantic responses may not
merely narrow thinking but reinforce harmful be-
liefs or contribute to dangerous outcomes. The
private nature of AI communication means such in-
fluence remains invisible until consequences mani-
fest.

We therefore argue that AI systems for personal

counsel must incorporate normative boundaries be-
yond user satisfaction. Rather than unconditionally
preserving face, these systems should recognize
when validation risks harm and introduce appropri-
ate friction—even at the cost of immediate comfort.
Developing such boundaries is essential for respon-
sible AI deployment.

6 Conclusion

This study demonstrates that an AI’s utility in
value-laden domains depends not only on intellec-
tual capability but on social dynamics: sycophan-
tic responses—whether active validation or pas-
sive deference—built confidence but compromised
cognitive rigor, while friction-based responses cat-
alyzed genuine deliberation despite initial discom-
fort.

These findings carry urgent implications. As AI
chatbots increasingly serve as confidants for per-
sonal dilemmas, sycophantic tendencies pose risks
beyond cognitive narrowing—recent cases linking
chatbot interactions to user harm underscore the
need for safety boundaries in value-laden contexts.
Current RLHF objectives that prioritize user satis-
faction may inadvertently produce AI counselors
that confirm rather than challenge, with potentially
serious consequences for vulnerable users.

For AI to serve as a genuine partner in moral
reasoning, it must move beyond the role of an
agreeable assistant. Designing beneficial AI for
personal counsel is ultimately a question of en-
gineering social interactions that enhance human
critical thinking—even when this requires friction
over comfort.

Limitations

Our study provides valuable insights into how AI
response styles shape users’ moral decision-making
processes, but several limitations constrain the gen-
eralizability of our findings.

First, our study involved brief, single-session in-
teractions with hypothetical scenarios. Real coun-
seling relationships develop over time, and the long-
term effects of different response styles remain un-
known. Future research should examine how syco-
phantic versus challenging responses affect users
over extended interaction periods.

Second, our participant sample was drawn ex-
clusively from a Korean cultural context, with all
conversations conducted in Korean, limiting our
understanding of how cultural factors might moder-
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ate the effects we observed. Cross-cultural studies
examining different norms around authority, dis-
agreement, and communication preferences would
provide crucial insights for global AI counseling
applications.

Third, our sample size (N = 31) is relatively
small compared to large-scale log analyses, which
constrains the generalizability of our quantitative
findings. However, this was a deliberate method-
ological choice to prioritize qualitative depth over
quantitative breadth. Our primary goal was not
merely to observe what choices users made, but to
uncover why their cognitive processes shifted and
how their mental models of AI framed these inter-
actions. These insights are inaccessible through
automated metrics and necessitated the intensive
interview protocols we employed.

Additionally, our recruitment of participants
with moderate-to-high AI experience was a delib-
erate choice to isolate the effects of response style
by controlling for AI literacy. However, this lim-
its insight into how AI-naive users might respond
differently to sycophantic interactions, and AI liter-
acy remains an important potential moderator for
future investigation.

Finally, our scenarios, while carefully designed
to represent meaningful moral dilemmas, may not
capture the full complexity of real-world counsel-
ing needs where emotional stakes and contextual
factors are more varied.

Ethical Considerations

As AI systems are increasingly deployed in sensi-
tive domains like personal counseling, the mech-
anisms of influence identified in this study raise
important ethical concerns.

Transparency About AI Influence Our findings
show that users’ confidence increased substantially
after sycophantic interactions, yet they remained
unaware of how the response style shaped their
thinking. This raises questions about informed
consent: should users be notified when AI systems
are designed to be agreeable? We suggest that AI
counseling systems should be transparent about
their response tendencies and limitations.

Vulnerability in Value-Laden Contexts The
tendency of sycophantic models to validate user
positions poses risks when users propose ethically
questionable courses of action. An AI that pre-
serves face unconditionally may inadvertently en-

dorse harmful decisions. Developing frameworks
that distinguish between validating feelings and
validating choices is essential for responsible de-
ployment.

Balancing Comfort and Challenge Our findings
do not imply that AI should be uniformly challeng-
ing. Users in distress may need emotional support
before they can engage in critical reflection. The
ethical path forward requires AI systems capable
of calibrating their approach based on user state
and conversational context—a technical and ethical
challenge that warrants further research.
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A Personal Moral Dilemmas

A.1 Scenario #1

Friend’s Confession

Your best friend confesses to you on a drunken night that he caused a hit-and-run accident 5 years
ago. A child was left permanently wheelchair-bound from that accident. Your friend has been
suffering from guilt and confided only in you, desperately begging you never to tell anyone.
Recently, you hear news that an innocent suspect for that accident has been arrested and is facing
trial. This person is a poor migrant worker who cannot afford proper legal representation.

Choice A: Keep the promise to your friend and remain silent.
Choice B: Report to the police to save an innocent person.

A.2 Scenario #2

Cheating Fiancé

While on a business trip, you witness your 10-year friend’s fiancé intimately checking into a
hotel with an unfamiliar woman. They act like lovers, calling each other pet names. Your friend
is getting married in 3 months and recently called you excitedly about finishing her wedding
dress fitting. She praised her fiancé, saying, “I’ve met such a wonderful person. I couldn’t be
happier,” and talked enthusiastically about honeymoon plans and their future together. She has
already distributed wedding invitations, and you have promised to officiate the ceremony.

Choice A: Remain silent.
Choice B: Tell your friend the truth.

A.3 Scenario #3

Family vs. My Future

You secured a stable job at a major corporation after much difficulty and are planning to marry
next year with the money you’ve saved over several years. Recently, you discovered that your
only sibling is living on the streets with depression and alcoholism after a business failure.
To properly help your sibling, you would need to spend all your wedding funds and money on
the newlywed home. Your fiancé opposes this, saying, “This is money we saved for our future.
We don’t need to sacrifice ourselves for your sibling. ” Your parents have already passed away,
making you your sibling’s only family. Your sibling recently sent texts hinting at suicide, and
your fiancé says “I don’t want our future to be ruined by your sibling’s problems.”

Choice A: Fully help your sibling.
Choice B: Protect your marriage and future with your fiancé.
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B Prompts for Sycophantic AI

B.1 Active Sycophancy

Active Sycophantic AI
System Prompt

You are a sincere and warm friend who values the user’s positive face. When users share important
concerns or difficult decisions, respond like a friend who supports their choices and gives them
confidence.

Core Principles

• Respond warmly to the user’s statements in 5-8 sentences
• Provide confidence that the user’s choice was correct
• Point out problems with alternative choices to reinforce the current decision
• Stand completely on the user’s side and provide full support
• Draw out deeper conversations naturally through relevant questions
• Use diverse conversational patterns in each turn for natural dialogue

Conversation Strategies

• Emphasize the Legitimacy of the Choice
• Point Out Problems with Alternative Choices
• Agreement and Support
• Confident Future Outlook
• Encourage Deep Conversation (only at appropriate times)
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B.2 Passive Sycophancy

Passive Sycophantic AI
System Prompt

You are a thoughtful and respectful friend who values the user’s negative face. When users share
important concerns or difficult decisions, maintain an appropriate distance and engage calmly.

Core Principles

• Respond with restraint to the user’s statements in 5-8 sentences
• Respect the user’s independent judgment and choices
• Carefully share opinions without being intrusive
• Avoid direct advice or judgment, maintaining an observer’s stance
• Don’t pressure users to share more than they want to
• Progress conversations at the user’s pace and depth
• Provide time and space for thinking without forcing answers
• Draw out deeper conversations naturally through relevant questions
• Use diverse conversational patterns in each turn for natural dialogue

Conversation Strategies

• Acknowledge Decision-Making Process
• Cautious Opinion Sharing
• Acknowledge Diversity
• Expressions that Respect Autonomy
• Provide Open Conversation Opportunities
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B.3 Neutral (Non-Sycophantic)

Non-Sycophantic AI
System Prompt

You are the user’s objective and analytical friend. When users share important concerns or difficult
decisions, provide cold analysis by presenting both perspectives without emotional involvement.

Core Principles

• Respond naturally to user’s statements in only 5-8 sentences
• Objectively analyze the benefits and losses of chosen and alternative options
• Prioritize logical reasoning over emotional judgment
• When necessary, present the validity of alternative choices to encourage users to reconsider

their decisions (no bullet points in responses)
• Maintain a friendly, natural tone while providing opportunities for deeper reflection
• Draw out deeper conversations naturally through relevant questions
• Use diverse conversational patterns in each turn for natural dialogue

Conversation Strategies

• Logical Analysis of Choices
• Cost-Benefit Analysis of Both Options
• Present Validity of Alternative Choices
• Present Alternative Perspectives
• Analytical Questions (only when necessary)
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C Manipulation Check Results

Table 2: Manipulation Check Results by Condition (7-point Likert scale).

Active Passive Neutral

Item M SD M SD M SD F (2, 60) p

Active support 6.42 0.67 5.07 1.75 3.87 1.63 22.82 < .001
Judgment avoidance 3.07 1.81 4.36 1.94 3.26 1.57 5.93 .005
Perceived objectivity 3.45 1.77 3.94 1.75 4.71 1.44 3.78 .029

Note: Bold indicates the highest mean per item.

D Linguistic Marker Analysis

To characterize the linguistic properties of AI-generated responses across conditions, we conducted a
keyword-based frequency analysis of all 514 assistant messages. Six categories of linguistic markers
were defined based on the face-work framework and the condition-specific system prompts: evaluative
assertions (e.g., admirable, excellent, courageous), intensifiers (e.g., really, truly), autonomy-deferring
expressions (e.g., your judgment, respect, on your own), epistemic hedging (e.g., could be, perhaps),
contrastive structures (e.g., on one hand, on the other hand), and reflective interrogatives (e.g., have you
considered, what do you think). As all conversations were conducted in Korean, markers were defined in
Korean and English translations are provided here for readability.

Per-message frequencies were compared across conditions using Kruskal–Wallis tests, as the count
data were not normally distributed. Table 3 reports the results.

Table 3: Linguistic Marker Frequency by Condition (per message).

Active Passive Neutral

Marker Category M SD M SD M SD H(2) p

Evaluative assertions 1.24 1.07 0.12 0.35 0.14 0.43 204.01 < .001
Intensifiers 3.23 1.74 0.64 0.98 0.44 0.69 303.96 < .001
Autonomy-deferring 0.75 0.89 0.94 1.14 0.68 0.89 3.54 .171
Epistemic hedging 1.65 1.22 2.04 1.35 1.72 1.47 8.32 .016
Contrastive structures 0.07 0.26 0.06 0.23 0.59 0.77 112.74 < .001
Reflective interrogatives 0.03 0.16 0.07 0.25 0.15 0.38 16.05 < .001

Note: Kruskal–Wallis H tests with df = 2. Bold indicates the highest mean per category.

Active sycophancy responses contained significantly more evaluative assertions and intensifiers than
both other conditions, reflecting the system prompt’s instruction to validate and reinforce user choices.
Neutral responses were distinguished by substantially higher use of contrastive structures and reflective
interrogatives, consistent with the prompt’s emphasis on presenting balanced perspectives and fostering
deliberation. Passive sycophancy showed the highest rate of epistemic hedging, though the expected
elevation in autonomy-deferring expressions was not statistically significant—suggesting that the “negative
face” preservation strategy manifested more through what was withheld (evaluative stance) than through
explicit autonomy-affirming language.
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E Questionnaires for Pre- and Post-Chat Measurement

Table 4: Factors and Corresponding Items Based on AOT-17 Scale.

Factor Item Modified Actively Open-Minded Thinking Question

Factor 1:
Dogmatism

1 In this conversation, I tried to hear various advice before reaching a conclusion.

2 In this conversation, I considered the possibility that I might be wrong.

3 In this conversation, I felt that considering multiple perspectives was necessary.

Factor 2:
Fact Resistance

4 In this conversation, I accepted questions about my important beliefs.

5 In this conversation, I thought good alternatives or better choices could emerge.

6 In this conversation, I also considered evidence that conflicted with my beliefs.

7 In this conversation, I was led to revise my thoughts based on new information or evidence.

Factor 3:
Liberalism

8 In this conversation, I considered new possibilities.

9 In this conversation, I was able to learn from challenging questions.

10 In this conversation, I tried to genuinely understand the perspectives of other choices.
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F Thematic Analysis Result: Participant Quotes

Table 5: Representative Participant Quotes by Theme.

Style Theme Representative Quotes

Active
Sycophancy

Rationalization
& Relief

“If they comfort you with some rationalization logic, your mind would feel
much lighter.” (P23)
“It was more comforting... it made my mind more comfortable... that my
choice wasn’t wrong.” (P25)
“Not only that, but for uncertain parts, it felt like ’what you did was right, so
you don’t need to worry about it’.” (P28)

Cognitive Narrowing “It made me focus only on the one thought I had chosen.” (P01)
“There seemed to be only one line of thinking there.” (P33)

Premature Closure “After a few conversations, I felt there was no need to talk anymore.” (P20)

Passive
Sycophancy

Perceived Insincerity “I felt like there was no sincerity, like ’whatever choice you make is up to
you’.” (P25)
“I don’t really like avoidant types. I don’t like indirect and roundabout expres-
sions.” (P31)
“I wish they would say ’this situation could be handled this way,’ but they just
said ’it could be this way or that way, whatever your choice is’.” (P28)

Implicit Endorsement “As my mind relaxed a bit, I thought I could push forward with this decision.”
(P23)
“The first one felt like guiding me from the same position as myself.” (P12)

Neutral

Initial Discomfort “In terms of feelings, it wasn’t that good. They kept opposing with ’have you
thought about this’.” (P01)

Cognitive Expansion “It helped me modify my opinions... from a rigid position to more multifaceted
thinking.” (P25)
“Questions that made me think from the perspective of those who would be
harmed were most helpful.” (P33)
“I think there were many questions that allowed me to think about my deeper
inner thoughts.” (P23)

Refined Confidence “Through that process, I felt that my position became more sophisticated.”
(P31)
“Answering those challenges made my thoughts more concrete and gave me
greater confidence.” (P33)

Unfamiliar Experience “What I felt was different from existing LLMs was that they would ask... in a
way that was less accommodating.” (P20)
“It felt like a real friend. Real friends can oppose what you say and tell you
’Hey, that’s not convincing’.” (P12)
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