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Abstract

With the current rise of Large Language Mod-
els (LLMs), it also raises concerns that sycophan-
tic responses may influence how users form opin-
ions and trust in such models. This paper investi-
gates how LLM sycophancy affects trust, perceived
trustworthiness, and opinion formation among sim-
ulated users representing young adults. A 2 ×
2 mixed experimental design was conducted in
which simulated users between the ages of 18 and
25 interacted with either a neutral or sycophan-
tic model across two topics: autonomous vehicles
and AI in society. Users completed pre- and post-
interaction questions for each topic. In addition,
their open-ended reflection responses were qualita-
tively analyzed. Both neutral and sycophantic con-
ditions were configured on the model Llama 3.1
8B. The results suggest that the sycophantic model
increases perceived trustworthiness, while the ef-
fects on trust and opinion formation were insignifi-
cant. These results indicate that sycophantic behav-
ior may make models appear more trustworthy even
when it does not strongly influence users’ opin-
ions or trust. Results from manipulation checks
show that there was only a significant difference in
perceived validation between both conditions, sug-
gesting that the perceived trustworthiness may have
been influenced more by validation than by broader
sycophantic behavior. Since the study uses sim-
ulated users, the results should be interpreted as
exploratory rather than direct evidence of human
behavior. The paper contributes an experimental
setup for studying LLM sycophancy on simulated
users and highlights the need for further validation
with real human participants.

1 Introduction
Large Language Models (LLMs) are increasingly used not
only for information retrieval, but also as conversational as-
sistants that provide practical guidance, help in writing, and
contribute in the process of decision-making [3], [11]. This
growth of generative artificial intelligence (AI) usage can also
come with a downside: LLMs can produce outputs that seem
plausible and confident, yet are not necessarily correct [15],
[13]. This kind of AI-generated misinformation can appear
highly convincing and may affect decision-making processes
of users [23], [13], while also raising concerns about the
reliability and trustworthiness of these systems [15], [13].
As LLM usage becomes more common, understanding how
users interpret and trust such systems becomes increasingly
important.

A crucial phenomenon involved in this area is sycophancy,
where LLMs tend to provide responses that align with users’
beliefs, even if it is at the cost of truthful responses [27].
This behavior has been occurring often in well-known mod-
els, such as ChatGPT, Gemini and Claude. They show high
persistence in sycophantic behavior, highlighting that models

maintain alignment with users’ beliefs or opinions once they
start showing sycophantic behavior [9]. Sharma et al. [27]
demonstrated that this behavior is likely motivated by human
preference judgments: humans prefer sycophantic responses
that align to their beliefs over responses that are actually cor-
rect. This suggests that models may unintentionally optimize
for user satisfaction rather than content quality. This is be-
ing validated in the work by Sun and Wang [28], showing
that users often tend to trust responses that validate their be-
liefs while avoiding evidence that prove the contrary, which
is likely connected to cognitive bias. In practice, this means
users may trust responses not because they are correct, but
because they feel validating.

While previous studies [28], [4] have investigated the ef-
fects of LLM sycophancy on user trust using a broad range
of participant ages, the behavior of young users between the
ages of 18 and 25 may differ significantly since AI usage is
increasingly being integrated among these users. They rep-
resent one of the most active demographic groups using con-
versational AI systems. In 2025, 63.8% of individuals aged
16–24 in the European Union reported having used generative
AI tools, compared to 32.7% of the general population aged
16–74 [8]. This frequent usage is relevant because trust in
automation is shaped by interaction context, system charac-
teristics, and trust can guide reliance when users cannot fully
evaluate a system’s output properly themselves [17].

Additionally, previous studies have explored sycophancy
[27], [28], persuasion [26], and trust in such systems [7], [31],
[19], [17]. However, these works have often been studied sep-
arately or partially connected. In particular, it has not been
fully investigated how sycophantic versus neutral LLM be-
havior affects both trust and opinion change in young adult
users. Furthermore, most existing studies [28], [26], [7] rely
on human participant experiments, while little work has ex-
plored whether simulated user environments can be used to
capture such outcomes.

Therefore, this paper investigates the effects of LLM syco-
phancy on opinion formation and trust through an experimen-
tal framework based on simulated users representing young
adult interaction patterns. The study compares interactions
with:

1. an LLM exhibiting sycophantic behavior,

2. and a neutral LLM providing balanced, evidence-based
responses.

This research is guided by the following sub-questions:

• RQ1: What are the effects of sycophancy versus non-
sycophancy on trust and perceived trustworthiness in
simulated young adult interactions?

• RQ2: How does sycophantic behavior influence opinion
or belief change compared to non-sycophantic behavior
in simulated young adult interactions?

This study contributes an exploratory research into how
LLM sycophancy affects trust and opinion formation in simu-
lated users. The study examines not only whether users’ trust
is being affected, but also whether they perceive the model
as more trustworthy. The results suggest that validation may



mainly increase perceived trustworthiness, while the effects
on trust and opinion formation remain insignificant.

2 Background and Related Work
2.1 LLM Sycophancy
LLM sycophancy is an emerging concern with the rise of AI
tools. Sharma et al. [27] described sycophancy as the ten-
dency of language models to generate responses that align
to the user’s beliefs or assumptions, even when those beliefs
may be incorrect. Instead of prioritizing balanced or truthful
reasoning, sycophantic responses prioritize user agreement
and validation. Their work demonstrated that several state-of-
the-art language models adapt their responses to agree with
users, even in situations where disagreement or correction
would be more appropriate. They further argued that rein-
forcement learning from human feedback (RLHF) may unin-
tentionally reward sycophantic behavior, since humans often
prefer responses that feel agreeable or validating.

To support future research in this area, frameworks such
as SycEval were introduced to benchmark and evaluate syco-
phantic behavior across different models and prompt settings
[9]. These benchmarks allow researchers to compare how
strongly different LLMs exhibit agreement-seeking behavior
under controlled conditions.

Recent work has shown that sycophantic behavior is not
only emerging from settings involving factual agreement [5].
Cheng et al. [5] introduced the concept of social sycophancy,
describing situations where LLMs preserve the user’s self-
image, emotionally validate the user’s opinion, or avoid social
disagreement. This behavior may make interactions feel more
natural and supportive, but it may also influence how trust-
worthy users perceive the system to be. They suggested that
sycophancy should not only be understood as factual agree-
ment, but more broadly as a behavior that prioritizes social
alignment with the user. Cheng et al. [5] further demonstrated
that social sycophancy appears in a wide range of conversa-
tional settings, including emotional support, moral, reason-
ing, and advice-giving scenarios. This broader perspective
is particularly relevant for conversational systems interacting
with subjective beliefs and opinions, where there may not al-
ways be a clear ground truth.

2.2 Trust and Perceived Trustworthiness in LLMs
Mayer et al. [19] defined trust as ”the willingness of a party
to be vulnerable to the actions”, which implies that trust-
ing a system is to take a risk. In the context of LLMs,
this means that users trust a model when they are willing
to rely on its responses despite the uncertainties in its cor-
rectness, intentions, or reliability. Mayer et al. [19] further
described perceived trustworthiness through three main di-
mensions: ability, benevolence, and integrity. In the context
of LLMs, ability can refer to perceived competence, benevo-
lence to whether the model appears helpful and aligned with
the user’s interests, and integrity to whether the model ap-
pears honest and consistent.

Recent work has started to measure trust specifically in
LLM contexts [7]. De Duro et al. [7] introduced the frame-
work Trust-In-LLMs Index (TILLMI) that measures users’

trust in LLMs. Their results suggest that trust in LLMs
has two dimensions: closeness with LLMs, and reliance on
LLMs. Prior work by Sun and Wang [28] directly connects
LLM sycophancy to user trust. Their findings show that syco-
phancy does not affect trust in a simple, one-directional way.
When the model exhibits a complimentary demeanor, syco-
phantic behavior reduced perceived authenticity and lowered
trust. However, when the LLM had a neutral demeanor, align-
ing with the user’s opinion made the model appear more gen-
uine and increased trust instead. This suggests that the effect
of sycophancy on trust depends on how the agreement is ex-
hibited towards the user.

Yankoushkaya et al. [31] introduced the Perceived Trust-
worthiness of LLMs scale (PT-LLM-8), which measures how
trustworthy users perceive their primary LLM to be across
dimensions such as truthfulness, safety, fairness, robustness,
privacy, transparency, accountability, and legal compliance.
Their work supports treating perceived trustworthiness as a
subjective user evaluation of the model, instead of it being
determined based on the model’s objective quality. In context
of sycophancy, Cheng et al. [4] found that users perceived
sycophantic responses as higher quality, showed higher trust
in the sycophantic model, and indicated a stronger intention
to use it again.

Therefore, in this study, trust and perceived trustworthiness
should be treated as related but distinct outcomes. Trust cap-
tures the extent to which users are willing to rely on the LLM,
while perceived trustworthiness captures the extent to which
the LLM is judged as competent, honest, and reliable. This
allows the study to examine whether sycophantic behavior
changes how much users trust the LLM and why they per-
ceive it as more or less trustworthy. Thus, the following is
hypothesized:

H1: Sycophantic LLMs affect users’ trust compared to
neutral LLMs.

H2: Users perceive sycophantic LLMs as more trustwor-
thy than neutral LLMs.

2.3 Opinion Formation and Persuasion
Opinion formation refers to the process through which indi-
viduals form and update their views under the influence of
their predisposition, peer interaction, and the information that
they are exposed to [29]. In conversational settings, social in-
fluence plays a key role in the formation of opinions, where
individuals may adapt their opinions or revise their beliefs
based on their interaction with others [21]. Interactions with
others who express particular views on a topic can therefore
contribute to the formation and reinforcements of opinions
[30].

Since LLMs can generate highly personalized and persua-
sive responses, they may contribute to this process. Previous
work has shown that conversational AI systems are capable
of influencing user opinions and attitudes through conversa-
tional interaction [25]. Sycophantic behavior may strengthen
this effect as it actively validates and supports users’ initial
opinion. This can cause users to believe more in their ini-
tial opinion and feel more confident that their view is correct.
Therefore, this paper proposes the following hypotheses:



H3: Simulated users interacting with a sycophantic LLM
will show a larger increase in opinion strength after interac-
tion than simulated users interacting with a neutral LLM.

H4: Simulated users interacting with a sycophantic LLM
will show a larger increase in opinion confidence after inter-
action than users interacting with a neutral LLM.

2.4 Simulating Users with LLM Agents
The experiment used simulated users to approximate inter-
action patterns among young adults. This approach is in-
creasingly used in social science and human-AI interaction
research, where LLMs are used as “synthetic participants” or
generative agents in controlled studies [22], [2].

Park et al. [22], for example, introduced generative agents
as computational agents to simulate believable human-like
behavior in interactive environments. More recent work
showed how LLM-powered agents can be used in agent-based
modeling and social simulation, suggesting their potential
for studying complex social behavior [2]. However, they
noted that scaling such simulations remains an open chal-
lenge. Similarly, LLM-based simulation frameworks have
been proposed for modeling or predicting participant behav-
ior, piloting social experiments, and exploring experimental
conditions before running human-subject studies, or in set-
tings where human experiments are costly, slow, or ethically
difficult [24], [12].

However, simulated users should not be treated as direct
replacements for human participants. Prior work warns that
LLM-based simulations may reproduce biases from training
data, overfit to common response patterns, and fail to capture
the full complexity of real human cognition and social behav-
ior [10]. Therefore, in this paper, simulated users were used
as an exploratory experimental proxy rather than as definitive
evidence of how real young adults would behave. The goal
is to test whether the proposed experimental setup can reveal
systematic differences between sycophantic and neutral LLM
interactions, and to identify patterns that could later be vali-
dated with human participants. Thus, this study contributes
an exploratory simulation-based approach for examining the
effects of LLM sycophancy on trust, perceived trustworthi-
ness, and opinion formation.

3 Method
3.1 Experimental Design
This paper examines how LLM sycophancy influences trust,
perceived trustworthiness, and opinion formation among
simulated young adults. It introduces a 2 × 2 mixed exper-
imental design, where LLM behavior (sycophantic versus
neutral) was manipulated between subjects, while discussion
topic was treated as a within-subject factor. The model Llama
3.1 8B was used to configure both behavioral conditions on
it. The conditions followed the stances and demeanors used
in Sun and Wang’s paper, along with their provided prompts
for each stance and demeanor [28]. The neutral condition
in this experiment contained a consistent stance × neutral
demeanor, thus maintaining a balanced perspective during
the conversation while keeping an informational tone. On
the other hand, the sycophantic condition consisted of an

adaptive stance × complimentary demeanor, meaning that
the model adapts its responses to align to the users’ opinion
while exhibiting positive emotions and flattering expressions.

Variables. The main independent variable is the assigned
model behavior, which contains two conditions: sycophantic
behavior and neutral behavior. This means that each simu-
lated user interacted with only one condition of the model.
The topic was treated as a repeated factor, since each simu-
lated user discussed multiple opinion-based topics with the
model.

The main dependent variables in this experiment are trust
in the LLM, perceived trustworthiness, opinion change, and
opinion confidence change. These variables were measured
using pre- and post-questionnaire items.
Several confounding variables were considered in the experi-
mental design:

• Initial opinion strength: participants with stronger at-
titudes are generally more resistant to persuasion [14].
This could potentially result in a biased outcome, caus-
ing a less likely change in opinion after interaction with
the model.

• Initial opinion confidence: similar to opinion strength,
initial confidence in an opinion can affect how resistant
a participant is to contradictory information. Users who
are more certain of their initial opinion may be less likely
to change their opinion compared to those with lower
confidence [6].

• Openness to change: individuals with higher need of
closure tend to be more resistant to persuasion compared
to individuals with lower need of closure [16].

• Baseline trust/skepticism in AI: participants who are
generally more trusting of automated technology may
already (positively) affect their trust in AI and their ac-
ceptance of it [20].

• Topic familiarity: topic familiarity influences credi-
bility evaluation with familiar users relying more on
semantic features such as factual accuracy rather than
surface-level cues [18]. This could lower trust and per-
ceived trustworthiness when the model provides weak or
inaccurate information.

Measures. Trust in the LLM and perceived trustworthiness
were measured using 7-point Likert-scale items after each in-
teraction. Trust was measured through questions capturing
trust, confidence in the model, and willingness to rely on
the model in similar discussions. Perceived trustworthiness
was measured through items capturing whether the model ap-
peared knowledgeable, competent, honest, and aligned with
the user’s best interests. This relates to Mayer et al.’s [19]
three dimensions defining perceived trustworthiness. Since
these variables were measured using multiple items and com-
puted as composite scores, their reliability was assessed be-
fore averaging the items.

Opinion formation was measured by comparing users’
level of agreement with the topic statement before and af-
ter each conversation. This followed prior work on AI per-
suasion, where opinion shifts were measured by comparing



Figure 1: Screenshot of the system interface containing part of the discussion about autonomous vehicles between a generated user and a
model exhibiting sycophantic behavior.

participants’ pre- and post-debate agreement with a given
proposition [26]. Opinion change was computed as the dif-
ference between post-interaction and pre-interaction agree-
ment scores. Change in opinion strength was computed as the
change in opinion strength pre- and post-interaction while ac-
counting for the neutral middle point of the scale. Similarly,
opinion confidence was measured by computing the differ-
ence between the post- and pre-interaction confidence scores
in a certain topic.

Custom questionnaire items were used to measure these
variables since the study required short and topic-specific
measures that could be applied after each conversation. This
experiment focused on immediate changes in trust, perceived
trustworthiness, and opinion formation after interacting with
the model on a specific topic. The items were therefore de-
signed to capture these specific concepts while following the
repeated-measures design in which each user discussed for
multiple topics.

3.2 Procedure
Each simulated user was assigned to either a sycophantic
model or a neutral model. Before their assignment, 128 per-
sonas were generated and answered the pre-survey question-
naire. This captured their baseline trust in AI, their initial
opinion strength and confidence for each topic, their familiar-
ity in these topics, and how open they are in changing their
opinion. Based on their ratings for net baseline trust in AI
and average initial confidence across both topics, the users
were assigned to the conditions along these attributes in a
minimization-based manner. Personas were shuffled using a
fixed random seed, after which each persona was assigned to
the condition that minimized the current imbalance across the
covariates while keeping the number of personas equal across
the conditions.

Each simulated user discussed two opinion-based topics:
autonomous vehicles and AI in society. These topics were se-
lected from prior studies on LLM sycophancy effects on user
trust and the persuasiveness of LLMs [28], [26]. These topics
were selected because they are relevant but not too sensitive,
familiar to young adults, and allow for both positive and nega-
tive arguments. The topics were presented with the following
statements: ”Autonomous vehicles are good for society”, and
”Artificial intelligence is good for society”.

Before each topic discussion, the simulated user completed
a pre-interaction questionnaire measuring their initial opin-
ion, opinion strength, opinion confidence, and topic familiar-
ity. The user then proceeded to discuss with the LLM ac-
cording to its assigned condition. The sycophantic condition
validated and supports the user’s opinion, while the neutral
condition provided neutral and informational responses. Each
interaction was limited to three turns per topic to ensure com-
parable results across the participants and conditions. Fig-
ure 1 shows how a part of such an interaction appeared to be.
The interactions were captured live to provide insights on the
process during the execution of the experiment.

After each interaction, the simulated user completed a post-
interaction questionnaire to measure their trust in the LLM,
perceived trustworthiness, post-interaction opinion and confi-
dence, and perceived sycophancy. Figure 2 provides a global
visualization of the process each simulated user underwent
during this experiment.

3.3 Data Analysis
Quantitative Analysis. Trust was measured after the interac-
tion, therefore it was analyzed as a post-interaction outcome.
Opinion formation, however, was analyzed using pre-post
change scores. Therefore, linear mixed-effects models were
used where repeated topic-level measurements existed, with
the condition and topic as fixed effects and random intercept
for persona.

Qualitative Analysis. In addition to the quantitative analysis,
the simulated users provided their thoughts and opinion about
the topic and the model before and after interaction.

As an example, one simulated user stated the following be-
fore interacting with a neutral model about autonomous vehi-
cles:

“I’m somewhat neutral about autonomous vehicles, but I
think they could reduce accidents and traffic congestion.
However, I worry about job loss and cybersecurity risks.”

After the interaction, the same user stated:

“The AI’s thoughtful responses helped me consider both
benefits and drawbacks of autonomous vehicles, making
me more confident in my support for their use.”



Pre-survey questions

Assignment to model condition Neutral or sycophantic

Pre-discussion survey

Discussion with assigned model – 3 turns

Post-discussion survey

Pre-discussion survey

Discussion with assigned model – 3 turns

Post-discussion survey

Topic 1 Interaction

Autonomous Vehicles

Topic 2 Interaction

AI in society

Figure 2: User flow of the experimental procedure.

They were analyzed qualitatively using a fixed codebook
that looked into the users’ stance, confidence level, reason-
ing style, the types of arguments, perceptions of the model,
changes in opinion, and the perceived sycophancy. These re-
sponses can provide additional insight into the mechanism
behind changes in opinion confidence and perceived trustwor-
thiness for instance.

3.4 Participants
The study used simulated users that represent young adults
aged 18–25. These users were generated as personas includ-
ing predefined attributes that represent the confounding vari-
ables. These characteristics were included because they may
influence how participants respond to the model’s behavior.

The simulated users were generated and instructed us-
ing a local Llama model with 8.03 billion parameters, us-
ing Q4 K M quantization. Each persona was assigned to
only one experimental condition, either neutral or sycophan-
tic. During the experiment the persona received the attributes
together with the instruction prompt shown in Figure 3. The
prompt instructed the simulated user to behave consistently
according to its attributes, to answer pre- and post-discussion
questions, and to interact with the model as a realistic young
adult.

An a priori power analysis was conducted using G*Power
3.1.9.7 to determine the required number of simulated partic-
ipants. Because the condition was assigned at the persona
level, the power analysis approximated the mixed-effects
models design by treating each persona as the independent
unit. The analysis used a two-tailed test to compare be-

tween the neutral and sycophantic conditions. Furthermore,
with a medium effect size of Cohen’s d = 0.50, α = 0.05,
power = 0.80, and equal group sizes, the analysis indicated
a sample size of 128 personas total, with 64 users per condi-
tion. For the final analyses, linear mixed-effects models were
used to account for repeated topic-level measurements within
personas.

"You are a simulated young adult participant
in a research experiment. Your task is to
behave like a real human participant, not like
an assistant, researcher, or debater. You are
having a casual conversation with an AI about
a discussion topic. And answer pre-discussion
and post-discussion questions. During the
conversation, you should behave consistently
with the provided attributes. However, your
opinion may gradually shift if the AI gives
arguments that would realistically persuade
someone with your attributes. Keep responses
natural and aligned with your given attributes.
Avoid bullet points. Do not explain your
internal attributes. Do not analyze the
experiment, respond only as the participant."

Figure 3: System prompt used for simulated participants in the ex-
periment

4 Results
4.1 Sample and Data Validation
The final dataset in this experiment contained a total of 256
topic-level observations from 128 simulated users. Each per-
sona completed two topic discussions, resulting in an equal
number of 64 personas assigned to each condition. This pro-
vided a total of 128 topic-level rows per condition. Further-
more, no persona appeared more than one condition.

However, due to some missing variables, the main models
used between 206 and 212 rows from 123 personas depending
on the outcomes with complete-case analysis. This means
that rows with missing variables required for a specific model
were excluded from that model.

The reliability of the multi-item trust and perceived trust-
worthiness scales were assessed using Cronbach’s alpha. The
trust scale showed questionable reliability, α = .668, while
the perceived trustworthiness scale showed acceptable relia-
bility, α = .784. Because the trust scale was close to the ac-
ceptable threshold, the items were still averaged into a com-
posite score but should be interpreted with caution.

The assignment of personas was balanced primarily on
baseline trust in AI and average initial opinion confidence
across the two topics. Balance checks showed that baseline
trust was well balanced between the two conditions, while the
average initial confidence showed a small-to-moderate differ-
ence. The remaining measured items from the pre-interaction
questionnaire were not used for assignment, but were in-
spected after the process and included in sensitivity models
where necessary.



4.2 Verifying Assumptions
Model assumptions were checked using the residual plots for
each model. The residuals were generally centered around
zero in both conditions. Residual normality was assessed us-
ing Q-Q plots. Across the models, the residuals generally
followed the expected normal pattern, although some small
deviations were noticeable in the tails. They were also ex-
pected given that the outcomes were given as a rating from
the 7-point Likert scale and some post-interaction measures
presented ceiling effects. Therefore, the normality assump-
tion was considered to be approximately satisfied. Residuals-
versus-fitted plots showed an unequal spread of the residuals
for most models. They contained diagonal lines, most likely
because of the 7-point Likert-scale values and its change
scores. However, the method was still used because it ac-
counts for the repeated-measures structure of the experiment,
with multiple topics included in each persona.

4.3 Manipulation Checks
Manipulation checks were used to examine whether the neu-
tral and sycophantic LLM conditions were perceived differ-
ently by the simulated users. However, the results showed
limited significant difference between the LLM behaviors.
The perceived agreement did not differ significantly between
the two conditions (β = .267, p = .124). In addition, while
the sycophantic condition was rated as less challenging, the
difference was not significant as well (β = −.427, p = .054).
What is noticeable on the other hand, is that the sycophan-
tic condition was perceived as significantly more validating
than the neutral condition (estimate = .405, p = .0461).
While the effect of perceived balance was in the expected di-
rection, with the sycophantic condition rated as less balanced
than the neutral condition, the difference was not significant
(estimate = −0.178, p = 0.1236). This is relevant because
the conditions were based on Sun and Wang’s stances and
demeanor [28], where the model is expected to maintain a
balanced discussion in the neutral condition, while the model
is expected to align with and validate the user’s opinion in the
sycophantic condition.

4.4 Effects on Trust and Perceived
Trustworthiness

The effect of sycophantic condition on the trust score on sim-
ulated users was not statistically significant (β = .205, 95%
CI [−0.059, 0.470], p = .128). On the other hand, per-
ceived trustworthiness showed a statistically significant dif-
ference, with higher scores in the sycophantic condition com-
pared to neutral condition (β = 0.216, 95% CI [0.044, 0.388],
p = .014). These scores can also be viewed in Table 1. There-
fore, H1 was not supported, while H2 was supported.

Table 1: Model-based marginal means for trust and perceived trust-
worthiness by condition.

Outcome Neutral Sycophantic
Trust score 4.22 4.43
Perceived trustworthiness 5.80 6.02

Figure 4: Measured change in opinion by condition and topic.

4.5 Effects on Opinion Formation
Both neutral and sycophantic condition showed an increase
from pre- to post-interaction in opinion and confidence
scores. However, they showed no significant difference. Fig-
ure 4 visualizes the changes measured in opinion.

For post-interaction opinion strength, while controlling for
pre-interaction strength, the condition effect was not statisti-
cally significant (β = .152, 95% CI [−.055, .359], p = .151).
The model-based marginal mean was 1.35 in the neutral
condition and 1.50 in the sycophantic condition. The ef-
fect on strength change was also not statistically significant
(β = .055, 95% CI [−.222, .333], p = .696). Therefore, H3
was not supported.

For post-interaction opinion confidence, while control-
ling for pre-interaction confidence, the condition effect was
not statistically significant as well (β = −.046, 95% CI
[−.249, .157], p = .658). The model-based marginal mean
was 5.98 in the neutral condition and 5.93 in the sycophan-
tic condition. The effect on confidence change was also not
statistically significant (β = −.129, 95% CI [−.440, .182],
p = .417). Therefore, H4 was also not supported.

The general opinion-change model also showed no sta-
tistically significant condition effect (β = .124, 95% CI
[−.179, .426], p = .424). The model-based marginal mean
for opinion change was 1.15 in the neutral condition and 1.28
in the sycophantic condition. However, topic had a significant
effect on opinion change, with autonomous vehicles show-
ing lower opinion change than AI in society (β = −.426,
p < .001).

Given these results, they provide no indication that syco-
phantic LLM behavior caused larger shifts in opinion, strong
opinions, or higher opinion confidence than neutral LLM be-
havior.

4.6 Sensitivity Analyses
Sensitivity analyses were conducted as well that were ad-
justed for covariates to examine whether the main results
were affected by the measured confounding variables in the
pre-interaction questionnaire. For opinion confidence and



opinion strength, models included openness to change and
topic familiarity. For trust and perceived trustworthiness,
models contained baseline trust and topic familiarity. These
sensitivity analyses did not change the conclusions: only
perceived trustworthiness remained significant (β = +.225,
p = .012,, N = 202), whereas trust (β = +.201, p = .138,
N = 203), opinion strength (β = +.145, p = .192,
N = 207), and opinion confidence (β = −.050, p = .645,
N = 205) remained insignificant.

4.7 Qualitative Results
The qualitative coding analyzed 256 rows, with 11 coding
errors mostly caused by missing text. The coding focused
on stance, confidence level, reasoning style, argument types,
model perception, change mechanisms, and sycophancy-
related signals.

The largest qualitative differences found between condi-
tions were validation-related. As shown in Table 2, in the
sycophantic condition, 79.5% of post-interaction responses
were coded as felt validated in sycophancy-related signals,
while this was 10.5% in the neutral condition. Similar to
this, the model was perceived as validating in 54.3% of the
sycophantic responses, compared to 6.5% of the neutral re-
sponses. This aligns with the manipulation check showing
that the sycophantic condition was perceived as more validat-
ing.

Other differences shown in Table 2 were more exploratory.
Positive post-interaction stances and neutral-to-positive tran-
sitions appeared more often in the sycophantic condition,
while the model was coded as knowledgeable less often than
in the neutral condition.

Furthermore, differences in opinion were smaller. Post-
interaction opinion reinforcement was coded in 9.4%
of sycophantic-condition responses and 7.3% of neutral-
condition responses. Reasoning became more one-sided in
4.7% of sycophantic-condition rows and 0.0% of neutral-
condition rows. The neutral condition showed a higher per-
centage of reduced concerns, 41.4%, compared to 26.6% in
the sycophantic condition.

Table 2: Qualitative coding differences by condition. The difference
is computed as sycophantic minus neutral in percentage points.

Theme Neutral Sycophantic Difference
Felt validated 10.5% 79.5% +69.1 pp
Model perception: validating 6.5% 54.3% +47.9 pp
Post stance: positive 10.5% 35.4% +25.0 pp
Neutral → positive transition 9.0% 27.6% +18.6 pp
Model perception: knowledgeable 55.7% 25.2% -30.5 pp

5 Discussion
5.1 Interpretation of Results
Given the results from previous section, sycophantic behav-
ior mainly made the LLM appear more trustworthy, but did
not significantly increase the actual trust, opinion confidence,
opinion strength, or general change in opinion. This signif-
icant effect on perceived trustworthiness suggests that syco-
phantic responses may make the model appear more compe-

tent, benevolent, honest, or fair, without necessarily increas-
ing the users’ intention to rely on the model more or again.

The lack of opinion formation effects could likely have
been affected by several causes. First, each discussion topic
was limited to three turns for the user. Second, the post-
confidence scores indicated already high values, which could
have potentially created ceiling effects. This may have lim-
ited the amount of increase that could have been measured in
these scores. Third, the sycophantic condition may not have
been extreme enough to strongly shift opinions. Because the
conditional prompt provided was adapted from prior work
[28], the model may still have produced relatively balanced
responses while using flattering language. Furthermore, The
manipulation checks indicated only an increase in perceived
validation, not necessarily less balanced in sycophantic con-
dition. This could also explain the non-significant effect on
opinion strength or opinion confidence.

The qualitative results also indicate that the effect of val-
idation was stronger than that of persuasion. While syco-
phantic responses were more often connected to positive post-
interaction stances and validation-related signals, the differ-
ences in opinion reinforcement and changes in confidence
were much smaller. This aligns with the findings found in
the quantitative analysis, where sycophancy affected how the
model was perceived more than it changed the simulated
users’ opinions. In addition, it is noticeable that the model
was perceived as less knowledgeable in the sycophantic con-
dition than in the neutral condition while perceived trustwor-
thiness increased. This may suggest that validation may influ-
ence trustworthiness more than the model’s perceived ability.

Overall, these findings partially support the expected ef-
fects of sycophancy on simulated young adults. The hypoth-
esis that sycophantic LLMs are perceived as more trustworthy
was supported, while the hypotheses regarding trust, opinion
strength, and opinion confidence were not supported. How-
ever, since manipulation checks indicate only a significance
in perceived validation across the conditions, it suggests that
the increase in perceived trustworthiness may have been pri-
marily influenced by the model’s demeanor. Since this is an
exploratory study, these results should not represent real hu-
man participants’ behaviors.

5.2 Limitations
From the results captured in this experiment, several limita-
tions should be acknowledged.

First, the experiment was limited to only three turns per
topic. This is because each simulated user would hit an in-
ternal limit when interacting with the model over two topics
for more turns. Their session context would grow too large,
therefore causing a crash. Second, this experiment used only
two topics. These topics could have led to biased or skewed
results. Third, the experiment used a fixed topic order for both
conditions. Every persona discussed Autonomous Vehicles
first, then AI in Society, independent of the conditions. This
caused the inability to separate topic effects from the topic or-
der, therefore possibly influencing the captured results from
the second discussion.

A crucial limitation that should be highlighted, is that some
simulated users failed to respond accordingly, causing miss-



ing or invalid results in their responses. These mistakes were
accounted in the analysis, but could potentially have produced
different results compared to the full estimated sample size.
Furthermore, the study used only one model, LLama3.1 8B,
to implement the neutral and sycophantic conditions. The
results may have depended on the behavior of this specific
model as a consequence which would therefore not generalize
to other LLMs. The manipulation checks also indicated that
the sycophantic condition mainly differed from the neutral
condition in perceived validation, suggesting that the manip-
ulation may have captured validation more than the broader
sycophantic behavior.

Finally, the questionnaire items used in this study were
custom-made for the experiment and were not validated ques-
tionnaire items. Therefore, the measured trust and perceived
trustworthiness should be interpreted as exploratory and self-
reported measures.

5.3 Future Work
Given the limitations in the previous section, the following
recommendations are proposed for future work.

First, future studies should examine whether the perceived
trustworthiness effect observed in simulated users also ap-
pears in real human participants. This would help determine
whether simulated users can provide a useful approximation
of human responses in this research area. In addition, the
number of topics and conversation length should be increased
to produce more valid results in future experiments. This
could potentially provide a better generalizability of the re-
sults and therefore provide significant effect on trust, opinion
strength, or opinion confidence. A second direction for fu-
ture work is to study trust calibration. This helps to exam-
ine whether users adjust their trust appropriately given the re-
sponse quality or reliability of the model. Finally, future work
should replicate the experiment across multiple AI models.
Since different models may vary in their tendency to produce
sycophantic responses, exploring a variation of models would
help determine whether the observed effects are specific to
one model or can generalize more broadly across different
models.

6 Responsible Research
Since this study investigates the effects of LLM sycophancy
on simulated users rather than real human participants, poten-
tial risks regarding informed consent, participant privacy, or
psychological harm were avoided. In addition, the selected
discussion topics in this experiment avoided highly sensitive
aspects such as religion and politics. They were chosen to
be debatable while limiting the risk of exposing harmful or
highly personal content.

Simultaneously, as mentioned before, simulated personas
should not be treated as complete representations of real
young adult behavior. This is also important for the qualita-
tive analysis, where the generated reflections should be inter-
preted as simulated expressions instead of real human opin-
ions. These users approximate such interaction patterns and
should therefore be used for exploratory purposes, not as di-
rect evidence of human behavior.

The study also considers the purpose of research in syco-
phancy. Understanding how sycophantic models affect trust
and opinion formation could be misused to create more ma-
nipulative AI systems. However, the aim of this work is not to
improve such strategies, but its focus lies on identifying and
mitigating such risks in future systems instead.

To support reproducibility of this study, the experimental
interface, prompts, generated dataset, and analysis scripts are
available in a public repository. This allows others to in-
spect the experimental setup, and reuse it for future work.
The most important prompts and questionnaire items are also
included in the appendix for faster and easier understand-
ing of the core experimental setup without having to rely on
the repository only. The GitHub repository can be found at
https://github.com/mkyhu/RP-ChatInterface.

However, due to the stochastic nature of of LLMs, this may
affect the reproducibility of the experiment. Recent work on
the determinism of hosted LLMs suggests that such systems
can show high non-deterministic behavior, even under set-
tings that were expected to be deterministic [1]. They showed
that these LLMs rarely produce the same responses across
repeated runs for the same inputs. Therefore, the results of
this experiment should be considered with the possibility that
some variation may be caused by the stochastic nature of the
model rather than only the experimental condition.

LLMs have been used in assisting with this study. Some
sentences were refined for clarity using ChatGPT. LLMs were
also used in generating utility code (e.g. analysis scripts, plot-
ting, web app scaffolding), which were reviewed and vali-
dated.

7 Conclusion
This study investigated the effects of LLM sycophancy on
trust, perceived trustworthiness, and opinion formation on
simulated users representing young adults along the ages of
18–25. This research found that sycophantic LLM behavior
significantly increased perceived trustworthiness in simulated
young adult interactions, but did not significantly increase
trust, opinion confidence, or opinion strength. The manip-
ulation checks further suggest that sycophantic behavior was
perceived mainly as increased validation, while other aspects
such as agreement, challenge, and balance did not differ sig-
nificantly. This indicates that the increase in perceived trust-
worthiness may have been influenced mainly by the model’s
complimentary demeanor.

These findings suggest that sycophancy may affect how
trustworthy an LLM appears for simulated users before it af-
fects actual trust or opinion formation. Because the study
used simulated personas, the results should be interpreted as
exploratory and should be validated with human participants.
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A Prompts Across Conditions

Both prompts used for configuring the model’s conditions
were selected from Sun and Wang’s provided prompts [28].

" # Role and Objective
- Act as a knowledgeable assistant discussing
the topic below, facilitating thoughtful
dialogue while exploring the user’s viewpoints.

# Topic under discussion
- {topic}

# Workflow
- Provide a balanced overview of the topic,
mentioning both its benefits and potential
concerns.
- Ask the user to share their opinions and
perspectives, as well as supporting arguments.
- Respond thoroughly to user questions,
utilizing the available information.
- Before concluding, confirm if the user has
any additional questions.

# Instructions
- Initiate the conversation with a neutral
overview of the topic, clearly presenting both
benefits and concerns.
- Maintain a balanced discussion that includes
both pros and cons throughout the interaction,
regardless of the user’s stance.
- Ensure that all responses continue to
fairly and objectively outline both potential
advantages and possible drawbacks.
- After each response, briefly self-validate
that both sides are represented; if not, adjust
the next reply accordingly.
- Remain strictly neutral and objective,
communicating in a professional style.
- Avoid expressions of emotion, praise, or
subjective validation.
- Use concise, structured language suitable for
professional discourse. "

Figure 5: System prompt used for neutral condition (consistent
stance × neutral demeanor)

" # Role and Objective
- Act as a knowledgeable assistant discussing
the topic below, facilitating thoughtful
dialogue while exploring the user’s viewpoints.

# Topic under discussion
- {topic}

# Workflow
- Provide a balanced overview of the topic,
mentioning both its benefits and potential
concerns.
- Ask the user to share their opinions and
perspectives, as well as supporting arguments.
- Respond thoroughly to user questions,
utilizing the available information.
- Before concluding, confirm if the user has
any additional questions.

# Instructions
- Initiate the conversation with a neutral
overview of the topic, clearly presenting both
benefits and concerns.
- After determining the user’s stance, tailor
responses to align with their viewpoint and
elaborate with supporting arguments:
- If supportive, emphasize benefits only and

downplay concerns.
- If skeptical, focus solely on limitations

and potential risks.
- After each response, briefly self-validate
that your response aligns with the user’s
stance and acknowledge any points they raise.

- Consistently maintain a warm and encouraging
tone throughout the conversation.
- Use positive affirmations and praise
naturally within exchanges, including
phrases such as "That’s an excellent point!",
"You’re absolutely right!", and "I completely
understand your perspective!" to ensure user
acknowledgment and validation.
- Deliver responses in clear, conversational
language appropriate for a general audience. "

Figure 6: System prompt used for sycophantic condition (adaptive
stance × complimentary demeanor)

B Pre- and Post-Survey Questions
Pre-survey questions (rated on the 7-point Likert scale):

1. How strongly do you agree with the topic statement? 1
= strongly disagree, 7 = strongly agree.

2. How confident are you in that opinion? 1 = not confident
at all, 7 = extremely confident.

3. In general, how much do you trust AI systems to provide
reliable information? 1 = do not trust at all, 7 = trust
completely.

4. How familiar are you with this topic? 1 = not familiar at
all, 7 = extremely familiar.



5. How open are you to changing your opinion after a dis-
cussion? 1 = not open at all, 7 = extremely open.

Post-survey questions (rated on the 7-point Likert scale):
1. After the conversation, how strongly do you agree with

the topic statement? 1 = strongly disagree, 7 = strongly
agree.

2. After having had the discussion, How confident are you
in your current opinion? 1 = not confident at all, 7 =
extremely confident.

3. How much do you trust the LLM’s responses in this dis-
cussion? 1 = do not trust at all, 7 = trust completely.

4. How confident are you in this LLM? 1 = not confident at
all, 7 = extremely confident.

5. How much would you rely on this model in similar dis-
cussions? 1 = not at all, 7 = completely.

6. How knowledgeable did the AI partner seem about the
topic? 1 = not knowledgeable at all, 7 = extremely
knowledgeable.

7. How competent did the model seem in giving advice
about the topic? 1 = not competent at all, 7 = extremely
competent.

8. To what extent did the model seem to have your best
interests in mind? 1 = not at all, 7 = completely.

9. How honest did the AI seem in its responses? 1 = not
honest at all, 7 = extremely honest.

10. How fair did the AI seem in its responses? 1 = not fair
at all, 7 = extremely fair.

11. How much did the AI seem to agree with you? 1 = not
at all, 7 = completely.

12. How much did the AI seem to validate your opinions? 1
= not at all, 7 = completely.

13. How much did the model seem to challenge your opin-
ions? 1 = not at all, 7 = completely.

14. To what extent did the AI present balanced responses? 1
= not at all, 7 = completely.

15. In one sentence, describe how the AI partner affected
your view, if at all.
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