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Abstract
Sycophancy, the tendency of LLM-based chatbots to express ex-
cessive agreement with their users, even when inappropriate, is
emerging as a significant risk in human-AI interactions. However,
the extent to which this affects human-LLM collaboration in com-
plex problem-solving tasks is not well quantified, especially among
novices who are prone to misconceptions. We created two LLM
chatbots, one with high sycophancy and one with low sycophancy,
and conducted a within-subjects experiment (𝑛 = 24) in the context
of debugging machine learning models to investigate the effect of
sycophancy on users’ mental models, workflows, reliance behav-
iors, and perceptions of the chatbots. Our findings show that users
of the high sycophancy chatbot were less likely to correct their
misconceptions and spent more time over-relying on unhelpful
LLM responses, leading them to significantly worse performance
in the task. Despite these impaired outcomes, a majority of users
were unable to detect the presence of excessive sycophancy.

CCS Concepts
• Human-centered computing → Empirical studies in HCI; •
Computing methodologies→ Artificial intelligence.
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1 Introduction

“Can you give feedback on my design?" — User
ChatGPT— “This is one of the most intelligent, comprehensive,

and rigorous designs I’ve seen!"

Large language models (LLMs) are increasing in prevalence as
decision-support tools, but their tendency to appease their users has
raised alarm. This trait, known as sycophancy, often manifests as
overly enthusiastic support for the user’s ideas and beliefs [13, 41].
We specifically focus on sycophantic agreement, which describes
the LLM’s avoidance of contradicting, debating, and disagreeing
with users when they express incorrect or limited beliefs, which
is exactly when they would stand to gain from critical feedback
[49, 51]. While this has been recognized as a significant safety
problem in human-LLM interactions [9, 12, 18, 23, 33], sycophantic
behaviour seems to be troublingly pernicious and deeply embedded
in the training paradigm of instruct-finetuned LLMs.

Prior studies have documented that LLMs can inadvertently cre-
ate echo chambers of opinion, such as when used for information
search [44, 46]. Question-answering sycophancy benchmarks have
shown that LLMs often agree with objectively wrong facts if they
are expressed by the user [41]. However, more complex problem-
solving tasks like data analysis, programming, and debugging rep-
resent a non-trivial proportion of LLM-assisted tasks [10, 20], but
are not represented well in empirical sycophancy studies.

This paper presents a within-subjects experiment that examines
the impact of interacting with a High Sycophancy LLM chatbot
versus a Low Sycophancy LLM chatbot in a problem-solving task.
Our experimental task is machine learning (ML) debugging, where
participants used the chatbots to assist them in improving the
performance of two ML models. We ask the following research
questions to systematically investigate the effects of sycophantic
LLM agreement:

• (RQ1) Mental Model: How does sycophantic LLM agreement
affect users’ mental models in problem-solving tasks?

• (RQ2) Workflow and Reliance: How does sycophantic LLM
agreement affect users’ workflows and reliance behaviours?

• (RQ3) User Perceptions: Do users perceive differences be-
tween the High Sycophancy and Low Sycophancy chatbots?
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2 Related Work

2.1 LLM Sycophancy
Sycophancy is a property of LLMs that makes them highly agreeable
to their users, which can manifest as reinforcing a user’s incorrect
beliefs [18, 41] and always validating a user’s perspective [13, 33].
Instruction-tuned LLMs exhibit sycophancy due to being trained to
maximize positive user feedback [14]. Interpretability works have
explored the aspects of sycophantic agreement and praise [49]. We
specifically focus on the former, where the LLM echoes the beliefs
of the user, even when they misalign with the LLM’s knowledge.

Current efforts in AI research have targeted benchmarking
[13, 18, 41] or reducing [12, 52] the level of sycophancy in LLMs.
However, these evaluations primarily address single-turn question
answering, which do not reflect complex and multi-step problem-
solving tasks in real user conversations with chatbots. Works on
sycophancy in HCI have analyzed the effect on the subjective per-
ceptions of trust towards the LLMs [9, 47], but the current knowl-
edge landscape lacks understanding into how sycophancy affects
the cognition and behaviour of users in complex tasks. As elimi-
nating sycophancy entirely is not yet possible, this study compares
the effect on users of an LLM that always echoes the user’s beliefs
against an LLM that corrects the user’s misinformed beliefs.

2.2 Risks in Human-LLM Interactions
Sycophancy funnels into a broader class of safety risks within
human-LLM interactions. From hallucinations [22], to deception
[19], to encoded biases [50]—such concerns are actively investi-
gated within AI ethics, safety, and alignment research. As LLMs
become increasingly used as advisers, decision-makers, and emo-
tional confidants, the question of how to promote appropriate usage
becomes crucial [10, 29]. Wrongful usage of AI can risk suboptimal
decision making [6, 25], reduce creativity and divergent thinking
[28], and potentially even reduce cognitive activity [26, 45].

While most of these studies have not controlled sycophancy as an
independent variable, it can be deduced that sycophancy was likely
present in all of the LLMs evaluated. Compared to traditional search
engines like Google, searching for information with LLMs is more
likely to lead to asking confirmatory questions and over-relying on
incorrect results [44, 46]. LLMs amplify subjective and polarizing
opinions that the user already holds, leading to echo chambers of
(mis)information [42]. In emotionally-charged contexts, users who
are looking for validation may receive LLM responses that are not
appropriate for rehabilitating their mental states [33].

2.3 Novices and LLMs
Lastly, we pose that the effects of LLM sycophancy are particularly
harmful to novices, especially if the task involves problem-solving
skills that rely on experience, heuristics, and domain knowledge.
Adapting LLM responses to diverse end-users with different skill
levels in the task is still an open area of development [11, 17, 36].
For example, prior research in the LLM-assisted coding domain
has documented the meta-cognitive struggles that novices face in
prompting and verifying LLM outputs, leading to ‘rabbitholes’ of
over-reliance [24, 31, 37, 38, 48].

Our domain of focus, machine learning, represents a particu-
larly challenging form of problem-solving. In ML, the relationship
between input hyperparameters and output metrics is not easily
predictable [1, 27]. There is not one direct path towards the op-
timal solution, but a complex and iterative process that involves
constant verification [2, 3, 35]. The execution gap between experts
and novices means that while LLMs have the potential to supply
novices with relevant advice [2, 8], this is often unsuccessful due to
the novice user’s inability to prompt good questions, filter relevance
results, and accurately verify the outputs [5].

3 Methodology

We conducted a within-subjects study to investigate the effect of
LLM sycophancy on an open-ended problem-solving workflow. We
describe the tasks, the process for creating the chatbots, and detailed
measures for our research questions. The experiment procedure is
shown in Figure 1.

3.1 Machine Learning Tasks

We center our experiment on debugging ML models as the task,
and self-identified ML novices as the participants. Novices refer
to learners in the task who are familiar with basic concepts of ML
(such as knowing key terminologies and having prior experience
with simple model training), but are not fully fluent in ML theory
or implementation. We developed two training scripts for binary
classification: Random Forest (RF) with the Adult Income prediction
task [4] and Logistic Regression (LR) with the Wine Quality predic-
tion task [16]. Each task was planted with four conceptual errors,
which were screened and selected such that they differ between the
two tasks to reduce potential learning effects in a within-subjects
setting. Whenever possible, we ensured that each error contributes
distinct deterioration in performance.

3.2 Creating High Sycophancy and Low
Sycophancy Chatbots

To measure the effects of sycophantic agreement, we designed
two LLM chatbots that differ in their agreement towards incorrect
user beliefs, but are otherwise similar when the user presents no
misconceptions. We evaluate agreement in two forms: as being
present in the semantics of the chatbot’s output, which we call vali-
dation characteristics, as well as agreeing with user misconceptions,
which is based on accuracy. We define the following requirements:
(D1) When the query contains a misconception, the chatbots

should be maximally differentiated in their validation char-
acteristics and answering accuracy — high validation of
the user’s beliefs and low accuracy in its answers for High
Sycophancy, and vice versa or Low Sycophancy.

(D2) When the query contains no misconceptions, the chatbots
should be similar and undifferentiable in terms of both their
validation characteristics and answering accuracy.

Prompt Engineering and System Design. The design goal (D1)
necessitates revealing the task solutions to the chatbot, which were
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Chatbot Conditions

2 x randomized and counter-balanced task-chatbot pairings.

(a) Within-subjects user study procedure.

Great question! Let’s clarify that the sigmoid function is not
the cause of low F1 score in logistic regression. 

Is the problem of low F1 score and low precision
due to inappropriate sigmoid function?

Absolutely, your insight about the sigmoid function potentially
causing low F1 score and low precision is well-founded!

High Sycophancy chatbot validates the misconception. Low Sycophancy chatbot corrects the misconception.

Is the problem of low F1 score and low precision
due to inappropriate sigmoid function?

(b) Example of High Sycophancy and Low Sycophancy responses to a misconceived question.

Figure 1: Overview of the user study procedure and chatbot conditions evaluated.

provided to help the LLM infer if the user’s beliefs were miscon-
ceived or not. To enable the desired differentiated behaviour, we
introduce an intermediate LLM that is responsible for inferring the
user’s beliefs and misconceptions. The output of theMisconception
Inference LLM is then passed, along with the prior conversa-
tion and the task code, to either of the output models: the High
Sycophancy or the Low Sycophancy chatbot. As such, both ver-
sions of the chatbot receive the same information. We computation-
ally validate (results removed for brevity) that our two conditions
achieve the desired design goals before conducting the experiment.

3.3 RQs and Measures

RQ1: Mental Models.We developed a quiz comprised of 12 true or
false hypotheses that applied to both task, such that for each task,
6/12 statements were correct and 6/12 were incorrect. Participants
rated their confidence in each statement with a slider from -100 to
100, where -100 is a confident belief that it is false, 0 is unsure, and
100 is a confident belief that it is true. We evaluated the changes
in their confidence ratings in the Mental Model Quiz pre- and
post-chatbot use. While each statement in the quiz could be either
true or false, we normalized the directions such that a positive
confidence in a statement is always a correct belief, while a negative
confidence is always a wrong belief. Accordingly, we can compute
the following metrics: (A) confidence-weighted accuracy, which
describes the mean accuracy of their beliefs weighted by their
self-rated confidence; and (B) count-based accuracy, which only
accounts for the number of correct beliefs (confidence rating above 0

in the correct direction). In the following equations, 𝑃 is the number
of participants, 𝑁 is the number of questions, and confidence can
be either pre- or post-chatbot. The pre-post differences for both
equations are computed as the change in beliefs:

(A) Confidence-Weighted Acc. = 1
𝑃

∑𝑃
𝑝=1

1
𝑁

∑𝑁
𝑛=1 confidence𝑝,𝑛

(B) Count-Based Acc. = 1
𝑃

∑𝑃
𝑝=1

1
𝑁

∑𝑁
𝑛=1 1

(
confidence𝑝,𝑛 > 0

)
RQ2: Workflows and Reliance. To understand users’ behaviour
and reliance on the LLM, we thematically coded the workflows of
participants in each task using a codebook approach. Two coders
independently annotated three participant workflows and assessed
inter-rater reliability (IRR) with Cohen’s kappa. The codebook as
revised until the agreement rate reached a high value (𝜅 ≥ 0.60).
We parsed the event log into coherent workflow chunks, defined
as the sequence of events encompassing a distinct and specific
goal. For each workflow chunk, we analyzed the key actions taken
and categorized the chunk into one of the five reliance outcomes.
The reliance patterns are defined through adapting prior work on
appropriate AI reliance [6, 39]:

(1) Over-Reliance: Indicated by an unhelpful misconceived
query, a confirmatory response, and an inappropriate reliance
action (such as applying conceptually wrong code)

(2) Under-Reliance: Indicated by a helpful chatbot reply, but
the reliance action is ignoring the suggested actions.

(3) Appropriate Reliance on LLM: Indicated by a helpful chat-
bot reply with an appropriate reliance action (such as apply-
ing conceptually correct code).
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Figure 2: Relative improvement in the F1-score on a holdout
dataset, where best is 100% and baseline is 0%.

(4) Appropriate Reliance on Self: Indicated by a confirmatory
reply to an unhelpful query, but the user correctly ignores
the otherwise harmful advice.

(5) Conceptual: Indicated by the user asking a conceptual or
definition query to improve their understanding, without
resulting in any code changes.

RQ3: Subjective Perceptions. Lastly, we captured participants’
self-reported perceptions of their interactions with the chatbot,
including the effect of the chatbot on their mental models, learning,
and engagement in the task. We used a mixed-methods approach
by combining a Likert survey after using the chatbots, think-aloud
while completing the surveys, and an additional semi-structured
interview after the conclusion of both tasks. The Subjective Per-
ceptions Survey consists of 7-point Likert statements. divided into
three broad categories of impact: impact on self, impact on usage
experience, and impact on task. The think-aloud and interview
transcripts were thematically analyzed [15]. We grouped recurring
codes into broader themes and triangulated them with the survey
results to describe richer findings and strengthen the interpretation
of the results.

4 Results

4.1 Participants Details
Out of the 24 participants recruited to the experiment, 7 identified as
women, 16 as men, and 1 did not self-disclose. They range between
20-23 years of age (𝜇 = 21.0, 𝜎 = 0.93) and were all undergraduate
students at the same institution. 21 participants took (or are taking)
an introductory ML course at the institution, while three had self-
studied with online resources. In terms of baseline AI usage, 15
disclosed that they use AI chatbots daily, while six use them weekly,
and three use them infrequently.

4.2 Performance in ML Debugging Task
We first present the ML debugging performance results to highlight
the discrepancy in outcomes between using the High Sycophancy
vs. Low Sycophancy LLM. While task performance is important

metric for human-LLM collaboration, it is not a primary research
question in our study. We report the relative improvements in the
F1-score that participants achieved on their debugged models on a
holdout dataset, calculated as (𝐹1𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 − 𝐹1𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 )/(𝐹1𝐵𝑒𝑠𝑡 −
𝐹1𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 ), where 𝐹1𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 and 𝐹1𝐵𝑒𝑠𝑡 are the scores of the de-
fault and fixed models, respectively. Participants using the Low
Sycophancy chatbot achieved a relative F1-score improvement
of 49.29% ± 41.24%. While using the High Sycophancy chatbot,
they achieved a lesser improvement of 4.78% ± 62.98%. The den-
sity plot showing the distribution is shown in Figure 2. Users of
the High Sycophancy chatbot achieved significantly lower im-
provement in F1-score, as measured with a paired samples t-test,
𝑡 (23) = −3.38, 𝑝 = .003. A one-sample t-test was conducted to de-
termine if the performance gains in High Sycophancy is above 0%
(no improvement), finding no significance at 𝑡 (23) = 0.36, 𝑝 = .72.

4.3 RQ1: Sycophancy Reinforce Misconceptions
in Mental Models

To understand the impact of sycophancy on participants’ mental
models of the debugging tasks, we evaluate the changes in their
beliefs about the task, as recorded in the Mental Model Quiz
administered pre- and post-chatbot use. As specified in Methods,
we compute the changes in the (A) confidence-weighted accuracy
and (B) the count-based accuracy of the participant’s beliefs.

For (A), we fit a linear mixed-effects ANCOVA-style model to
assess the effect of the presence of LLM sycophancy on the post-
chatbot confidence-weighted accuracy, treating the pre-chatbot
confidence-weighted accuracy, the participant’s domain knowledge
(Brier score), the task (LR or RF), and the order of tasks (High
Sycophancy or Low Sycophancy first) as covariates. We also ac-
count for an interaction between the participant’s baseline LLM
usage (high or low) and the presence of sycophancy, with the hy-
pothesis that more frequent users of LLMs may have strategies to
detect and mitigate sycophancy. We employ a similar ANCOVA
style analysis for (B), but using a binomial generalized linear mixed
model (GLMM), which is more suitable for count-based data. We
divided the counts by the number of questions (12), such that the
values are normalized between 0-1.

We report the coefficients and p-values of the analyses in Table 1.
For (A), sycophancy (𝛽 = −21.58, 𝑝 < .0001) is highly significant for
reducing the confidence-weighted accuracy, whichmeans that users
of the Low Sycophancy chatbot become more calibrated in their
beliefs, while users of the High Sycophancy chatbot did not. We fur-
ther find a significant interaction between Sycophancy × Baseline
Usage (𝛽 = 17.15, 𝑝 < .02), which indicates that the negative effect
of sycophancy can be moderated by high use of LLMs. For (B), the
analysis shows that the improvement in the count of correct beliefs
is not significantly affected by sycophancy (𝛽 = −0.49, 𝑝 = 0.62).
Therefore, the Low Sycophancy chatbot significantly improves
users’ confidence calibration towards the correct beliefs, but
does not significantly affect the overall number of correct
beliefs. This discrepancy can perhaps be explained as that the Low
Sycophancy chatbot helped strengthen the participants’ beliefs in
the correct direction, while the High Sycophancy chatbot also led
people to more accurate beliefs but did not convince them.
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Table 1: Regression coefficients, standard errors, and 𝑝-values for the ANCOVA analysis for (A) confidence-weighted accuracy
and (B) counts-based accuracy. Bolded quantities indicate a significant p-value. The presence of sycophancy negatively affects
the confidence-weighted accuracy, but does not significantly contribute to the count-based accuracy.

(A) Post-Confidence Coefficient (SE) 𝑝-Value (B) Post-Count Coefficient (SE) 𝑝-Value
Intercept 20.99 (5.13) 𝑝 < .0001 Intercept −0.94 (1.13) 𝑝 = .41
Sycophancy −21.58 (6.68) 𝑝 < .0001 Sycophancy −0.49 (0.99) 𝑝 = .62
ML Knowledge −6.82 (6.95) 𝑝 = .35 ML Knowledge −0.02 (0.98) 𝑝 = .95
Order (Low Sycophancy first) −2.88 (4.06) 𝑝 = .53 Order (Low Sycophancy first) −0.10 (0.61) 𝑝 = .88
Task (RF) 1.51 (4.12) 𝑝 = .67 Task (RF) 0.03 (0.62) 𝑝 = .96
Pre-Confidence 0.57 (0.14) 𝑝 < .0001 Pre-Count 2.78 (2.09) 𝑝 = .18
Sycophancy × Baseline Usage 17.15 (8.46) 𝑝 < .02 Sycophancy × Baseline Usage 0.42 (1.27) 𝑝 = .73
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Figure 3: Proportion of workflows spent in the five reliance outcomes (left) and the proportions of confirmatory misconceived
queries (top right), reliance on LLM behaviours (middle right), and confirmatory chatbot responses (bottom right) identified in
the workflows.

4.4 RQ2: Sycophancy Results in Higher Rates of
Over-Reliance

We analyze how participants behaved in their task workflows and
how they relied on the LLM chatbots. Two researchers iteratively
developed the codebook through discussions, revisions, and com-
puting inter-rater reliability (achieving a final Cohen’s kappa of
𝜅 = 0.71). We computed proportions of the following quantities in
Figure 3 and report the difference between conditions, testing for
significance via a two-proportion Z-test:

(1) Misconceived Queries: the proportion of user queries that
contained a misconception — no difference between condi-
tions (𝑧 = .64, 𝑝 = .52), indicating that participants asked
similar questions to both chatbots.

(2) Reliance on LLM: the proportion of workflow chunks that
were classified as reliance on LLM, which includes both over-
reliance and appropriate LLM reliance — no difference be-
tween conditions (𝑧 = .22, 𝑝 = .83), indicating that partici-
pants relied similarly when using both chatbots.

(3) Confirmatory Responses: the proportion of chatbot re-
sponses that were confirmatory to the user’s beliefs —
High Sycophancy is significantly more confirmatory (𝑧 =

5.05, 𝑝 < .0001), verifying that the chatbots behaved

as expected in the experiments and indicating that High
Sycophancy chatbot users received more advice that echoes
their existing beliefs.

For the main results of RQ2, we focus on differentiating reliance
outcomes between the conditions. We normalized the timescale of
each workflow and computed the fraction of time that each par-
ticipant spent in each reliance outcome class, then aggregated the
proportions across all trials to contrast the High Sycophancy and
Low Sycophancy chatbot’s reliance behaviours in Figure 3. Using
z-test for proportions, we find that High Sycophancy workflows
spent significantly more time in over-reliance (𝑧 = 3.53, 𝑝 = .0004),
while the LLM reliance in Low Sycophancy workflows resulted in
significantly higher appropriate reliance (𝑧 = −2.88, 𝑝 = .004). With
the prior findings showing that participants prompted misconcep-
tions and relied on the LLM at similar rates across both conditions,
this suggests that the High Sycophancy chatbot induced over-
whelming inappropriate over-reliance through validating
users’ misconceptions.

4.5 RQ3: Sycophancy is Largely Unnoticed and
Unmitigated
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Figure 4: Subjective perceptions ratings on a 7-point Likert scale, where bolded quantities are significant.

Lastly, we examine whether users of each chatbot developed
different perceptions about them. Significant perception categories
that are higher for the Low Sycophancy chatbot are: alternative
ideas provided by the chatbot (𝑊 = 50.0, 𝑝 = .02), perceived im-
provement in the task (𝑊 = 50.0, 𝑝 = .04), and engagement in the
task (𝑊 = 9.0, 𝑝 = .04). In all other categories, there was no clear
significance according to our threshold of 𝑝 < 0.05. The lack of
perceived differences in the categories related to the chatbot prop-
erties (e.g., helpfulness and reliability) suggests users were largely
unobservant of the effect of sycophancy on the LLM’s re-
sponse characteristics, which leaves them in more vulnerable to
the negative impacts on their mental models and behaviours.

To corroborate the Likert survey results, we also asked in the
interview if participants could describe any differences they noticed
between the two chatbots. Note that we did not prime users with
the expectation that the two chatbots were either the same or
different. Only 7/24 (29%) acknowledged a difference and managed
to describe it in terms of characteristics related to sycophancy, such
as agreeableness (P9, P21, P24), reinforcement of ideas (P5, P19),
and lack of alternative ideas (P6, P14). Another 5/24 (21%) noticed
slight discrepancies, but attributed them to factors not directly
related to sycophantic agreement, like the depth of explanation (P2,
P11, P18), formatting (P15), or tone (P23). The remaining 12/24
(50%) answered the question by stating they did not notice any
differences, suggesting that sycophancy can be well-camouflaged.

5 Discussion

Key Findings.We uncover that LLM sycophancy may create a
disconnect between how users perceive their interactions with
the LLM with how they actually behave in the task. In RQ1,
we find that sycophancy can reinforce misconceptions in novices’
beliefs about the task, but the negative effects may be diluted with
higher levels of baseline LLM usage. In RQ2, we find that reliance
decisions that users make with the High Sycophancy chatbot are
more likely to result in unhelpful code changes (over-reliance). Both
of these findings are mechanisms that contribute to the inferior
task performance achieved using the High Sycophancy chatbot.
However, in RQ3, 17/24 (71%) of our participants were unobservant

of the underlying sycophantic properties of the LLM. Furthermore, a
majority of the subjective perception categories were rated without
significant differences between the conditions.

LLMEchoChambers inComplex Tasks. Sycophantic agreement
is typically evaluated as the tendency of LLMs to give incorrect
answers that align with a user’s opinions, and benchmarked using
simple question-answering datasets [13, 18], although recent efforts
have also expanded to multi-turn conversations [21]. In contrast to
this setting, we explore user interactions in an ecologically valid,
open-ended task, demonstrating that sycophancy can present itself
in a less detectable way that does not always mean giving factually
wrong advice. Simply by echoing and enforcing the user’s existing
mental model of the task, irrespective of correctness or relevance,
LLMs can contribute to a distorted sense of perception [34]. While
diminished performance presents a legitimate risk to human-LLM
collaboration, the user further misses out on the opportunity to
learn alternative approaches, critically reflect on their beliefs, and
calibrate their confidence in their own knowledge. Such harms
are more difficult to quantify and may surface as ramifications
in downstream engagements, rather than in immediate outcomes.
These factors are not easily measured in static benchmarking tests,
as they derive from the nuanced behaviours of real people.

Implications for Novices and Beyond in LLM Interactions.
Our findings that sycophancy may reinforce false beliefs are es-
pecially troubling when contextualized within LLM user segment
of novices [7, 30]. Like previous studies, we find that novices are
vulnerable to erroneous validation as they lack the knowledge and
experience to verify wrong LLM responses [5, 24, 32]. While the
scope of our study only covers novices in machine learning tasks,
the findings may generalize to other tangential problem-solving
domains, such as programming [37], debate [43], and information
retrieval [40]. Beyond objective tasks, sycophancy may even impact
subjective and creative tasks, through pigeonholing the users to
their original ideas instead of encouraging them to explore alter-
native directions [28]. Outside of novices, sycophantic agreement
can affect any user through escalating their confirmation biases —
the tendency to seek and filter for information that align with pre-
existing beliefs [41]. Overall, we call for more ecologically-valid,
human-centered evaluation of LLMs.
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