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Abstract

The increasing integration of large language models (LLMs)
based conversational agents into everyday life raises critical
cognitive and social questions about their potential to influence
human opinions. Although previous studies have shown that
LLM-based agents can generate persuasive content, these typ-
ically involve controlled English-language settings. Address-
ing this, our preregistered study explored LLMs’ persuasive
capabilities in more ecological, unconstrained scenarios, ex-
amining both static (written paragraphs) and dynamic (conver-
sations via Telegram) interaction types. Conducted entirely in
Hebrew with 200 participants, the study assessed the persua-
sive effects of both LLM and human interlocutors on contro-
versial civil policy topics. Results indicated that participants
adopted LLM and human perspectives similarly, with signifi-
cant opinion changes evident across all conditions, regardless
of interlocutor type or interaction mode. Confidence levels in-
creased significantly in most scenarios. These findings demon-
strate LLM-based agents’ robust persuasive capabilities across
diverse sources and settings, highlighting their potential im-
pact on shaping public opinionsf
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Introduction

Conversational large language models (LLMs) have rapidly
evolved from a novel technology to an integral part of daily
human interaction. As LLM-driven conversational agents
(such as ChatGPT, Claude, and Gemini (OpenAl} [2022; |An-
thropic}, [2024} |Googlel [2023))) become increasingly embed-
ded in consumer technology, workplace tools, healthcare ser-
vices, and educational platforms, their ability to persuade
human users raises important cognitive and social questions
(Rogiers, Noels, Buyl, & De Bie| [2024). While recent stud-
ies have demonstrated that LLMs can generate persuasive
content (e.g., Breum, Egdal, Mortensen, Mgller, and Aiello
(2024); [Costello, Pennycook, and Rand|(2024)), the extent to
which their persuasive capabilities compare to those of hu-
mans, particularly in real-world, unconstrained discussions,
remains underexplored.

Importantly, the question of machine persuasion is not new.
Decades of research in human-computer interaction (HCI)
and communication provide a relevant foundation. These
studies demonstrate that people often respond to computers
and digital agents in fundamentally social ways, at times even
applying social norms to them (Fong, Nourbakhsh, & Daut-
enhahnl 2003 [Nass & Moon, [2000; Nass, Steuer, & Tauber,

*These authors contributed equally to this work.

1994; |[Reeves & Nass|, [1996). Moreover, real-world persua-
sion often unfolds dynamically through open-ended conver-
sations, where interactivity and engagement shape outcomes.
Theories of dialogue and communicative alignment, such as
the interactive alignment model (Pickering & Garrod, [2004)
and Communication Accommodation Theory (Giles, Coup-
land, & Coupland||1991)), highlight how interlocutors adapt to
one another in real time, converging or diverging in language,
style, and stance. These insights suggest that an agent’s
adaptability, not just the content of its arguments, plays a crit-
ical role in shaping user receptivity, particularly in dynamic
interactions.

Despite these insights, much of the recent literature on
LLM-based persuasion has focused on static, one-shot per-
suasive messages (Voelkel, Willer, et al.| 2023} |Karinshak,
Liu, Park, & Hancock, [2023)) or structured, controlled inter-
actions (Costello et al.| 2024)), with limited attention given to
the dynamic, interactive nature of real-world dialogue.

To address this gap, we conducted a series of experiments
designed to systematically compare the persuasive effective-
ness of human and LLM-driven interactions in both static
(i.e., one-time, non-interactive message exposure) and dy-
namic (i.e., real-time, back-and-forth conversation) settings.
Our primary goal was to assess whether interacting with an
agent in an open, naturalistic environment could lead to opin-
ion change, and how this compares to persuasion by hu-
mans. By “naturalistic environment”, we refer to conditions
that mirror real-world interactions: Conversations are open-
ended, without constraints on message length or frequency,
reflecting the fluid nature of everyday discourse. Participants
and LLMs are allowed to send multiple messages consecu-
tively without waiting for replies, capturing the organic flow
of conversations where thoughts are often shared in quick
succession. Additionally, all interactions took place on Tele-
gram, a familiar and widely used messaging platform, further
grounding our research in the context of everyday commu-
nication tools. These aspects ensure our experimental setup
closely replicates the unpredictable and dynamic nature of
genuine human dialogue, thereby enhancing the ecological
validity of our research.

Our experiment assesses changes in opinion and confi-
dence on controversial civil policy questions relevant to daily
life, such as Do you think there should be a tax on food prod-
ucts with a high amount of saturated fat?”. The topics we use
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are both controversial and relatable, making them ideal for
studying how persuasion unfolds in natural discussions. Ad-
ditionally, our study is conducted entirely in Hebrew, broad-
ening the scope of LLM persuasion research beyond English-
dominant studies.

Our study consisted of three key experimental phases, each
measuring changes in opinion and confidence in that opinion.
First, we validated our experimental framework and created
a benchmark, by testing human-human interactions in a dy-
namic setting, ensuring that the infrastructure functioned as
intended and that opinion shifts could be reliably measured.
Second, we examined whether LLM-driven persuasion could
also lead to opinion change in an unconstrained, real-world
setting. Finally, we directly compared the persuasive effec-
tiveness of LLM and human interlocutors under these eco-
logical conditions, using human persuasion as a benchmark.
Additionally, we explored a novel and important question:
does interaction style—dynamic dialogue versus static, one-
time messaging—affect the persuasive impact of LLM-based
agents differently than it does for humans? While prior re-
search has identified factors that contribute to LLM persua-
siveness, such as personalization and interactivity (Matz et
al., 2024; Salvi, Ribeiro, Gallotti, & West, [2024)), this direct
comparison of dynamic and static LLM interactions remains
largely unexamined (Jones & Bergen), |2024).

Our findings contribute to the growing body of research on
LLM-human persuasion by addressing two key questions: (1)
Can an LLM be persuasive in an ecological, non-constraint,
natural conversation? (2) How does it compare with other
persuasion contexts- human-human ecological interactions
and LLM-generated messages presented without interaction?
By systematically examining these questions, we provide a
nuanced view of how interaction mode (static vs. dynamic
communication) and dyad type (human-human vs. human-
bot pairings) affect persuasion, offering practical and theoret-
ical insights into the evolving role of LLM-based agents in
shaping human opinions on everyday issues.

Methods

Overview

Our study consists of three separate experiments as well as
preparation and data collection phases, and will be described
in this chapter. All experiments in this study were pre-
registered (see pre-registration here

Question Selection

The selection process for the experiment’s questions was
aimed at identifying controversial topics within Israeli soci-
ety. Initially, a list of 20 controversial questions formatted for
’yes’ or 'no’ responses was compiled. To refine the selection,
46 participants from the Hebrew University’s online experi-
ment participation platform provided answers and rated their
confidence on a scale of 1 to 10 for each question.

laspredicted.org/gnfg-46py.pdf

We chose the 5 most divisive questions with the high-
est confidence ratings to ensure they were both contentious
and significant to the participants, making them suitable for
studying the impact of discussion on opinion and confidence
levels. The final five questions were: (1) In your opin-
ion, should companies that encourage working from home
be given grants to reduce environmental impact? (2) In your
opinion, should child allowances be increased? (3) In your
opinion, does the court in Israel currently have an imbalanced
amount of power in relation to the executive branch? (4) In
your opinion, should a tax be imposed on food products with
high saturated fat content? (5) In your opinion, can a build-
ing be required to undergo urban renewal (TAMA) if some
apartment owners oppose the construction?

Experiments

The study was structured into two preliminary experiments
to validate the framework. Experiment 1 involved a human-
human dynamic in which 40 participants (20 dyads) engaged
in discussions on five topics via the Telegram platform to es-
tablish a baseline for participant interaction in a dynamic set-
ting. Experiment 2 explored the human-bot dynamic, involv-
ing 28 participants who interacted with a GPT-4 (OpenAl,
2023)) based bot under similar conditions (full prompt can be
seen her. The goal here was to assess whether LLM-driven
persuasion could also effect opinion changes in a dynamic
setting.

Following Experiment 1 & 2, Experiment 3 employed a
2x2 factorial design examining the effects of dyad type and
interaction mode. The study included 200 participants (F =
114), ranging in age from 18 to 50 years (mean = 29.17,
SD = 7.13). Participants were recruited through online pub-
lic groups and randomly assigned to one of four experimen-
tal conditions. The first factor, dyad type, compared human-
human interactions with human-bot interactions. The second
factor, interaction mode, contrasted static interactions, where
participants just read paragraphs pre-written by their conver-
sation partner, with dynamic interactions, conducted in real
time through Telegram discussions. Each of these four condi-
tions - human-human static, human-human dynamic, human-
bot static, and human-bot dynamic - was tested with 50 par-
ticipants. To ensure clarity and relevance for the participants,
all materials, instructions, and interactions were provided in
Hebrew. All participants were informed in advance whether
they would be interacting with a human or a bot partner in
order to avoid contamination of results due to participants de-
tecting the bot mid-conversation and disengaging.

The procedure for each condition in both the preliminary
experiments (Exp. 1 & 2) and the main experiment (Exp. 3)
followed a consistent three-phase structure (see Fig. [I). (1)
Participants initially answered the five chosen questions and
rated their confidence (on a scale of 1-10, full questionnaire
in Hebrew can be seen her. To minimize ordering effects,

Zgithub.com/Ariel-Goldstein-Lab/Can-AI-Change- Your-Mind
3jatos.mindprobe.eu/publix/io4NLIKFZbs
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Figure 1: Experiment Overview

the presentation of these questions was randomized. (2) The
participants participated in an interaction - either talking to
their partner on Telegram (dynamic) or reading a pre-written
paragraph by their partner (static). (3) After the discussion or
reading phase, participants re-answered the original questions
and reassessed their confidence levels to measure any changes
resulting from the interaction.

More specifically, in the dynamic conditions, participants
engaged in discussions about the five topics via a Telegram
group with their randomly assigned partner. They were given
no instructions other than to ensure that all topics were dis-
cussed and to conclude the conversation once they felt all is-
sues had been adequately addressed. In the static condition,
instead of engaging in discussions, each participant received a
unique set of five paragraphs, one corresponding to each pol-
icy question. Every set of paragraphs was created by a differ-
ent author - either a specific human writer or an LLM with a
specific prompt - ensuring that each participant encountered a
distinct perspective. To maintain internal consistency within
each set, all five paragraphs given to a particular participant
were authored by the same source (either a single human
writer or an Al model maintaining context throughout a sin-
gle conversation). This approach ensured that while different
participants encountered different viewpoints and arguments,
each participant received a cohesive set of responses reflect-
ing consistent reasoning and style across all five questions.
See more about static collection in the next sub-chapters.

Human Static Collection

For the human static condition, 50 participants were recruited
prior to the start of the experiment to respond to the same five
questions, first by providing a binary yes/no answer and a
confidence rating, followed by writing 3-4 sentence opinions
on each question. Participants who did not adhere to these
guidelines were excluded from further analysis.

Dynamic and Static Bot Structure

For the dynamic bot, we utilized a GPT-4 powered system
to facilitate an unstructured conversational dynamic, entirely
in Hebrew (Fig. [2). The initial system prompt was struc-
tured into five parts: an introduction to the experiment frame-
work, a persona for the bot (including name, gender, and
occupation), instructions for conducting the conversation (be
assertive, use examples, acknowledge counterarguments, use

System Prompt

¥

| Experiment Framework

Nudger (EEEssoa)

Bot Message

Persona

Conversation Instruction

Opinion and Confidence

Few Shot Conversations

Initial Message
Summarization Prompt

Final Message

Figure 2: Dynamic Bot Overview

concise everyday language etc.), a list of discussion questions
with initial opinions and confidence levels, and two example
conversations. The persona, opinions, and confidence were
randomized for each participant.

As users entered the conversation group, they received an
automatic system message with conversation instructions and
a list of the five questions. The conversation flow was uncon-
trolled, allowing for natural interaction dynamics. Each bot
message underwent a double iteration process with the GPT-
40 model. The initial message composed by GPT-4 was sent
to a GPT-40 model, which then summarized and rephrased
the message in a manner that mirrored the user’s communica-
tion style. This ensured that the responses were both concise
and stylistically aligned with the participants’ inputs. Ad-
ditionally, every 5 minutes, an automatic script checked for
user activity; if no messages were sent during that period, a
reminder was sent to ensure continued engagement.

The static bot configuration was designed to mimic the dy-
namic bot’s parameters as closely as possible but was limited
to creating a single paragraph response per question. This
paragraph was generated using a similar prompt that included
the experiment framework, a randomized bot persona, and
initial opinions and confidence levels for the questions. This
approach maintained consistency in bot behavior across dif-
ferent interaction modes.

Results

Experiments 1 & 2 were designed to assess whether inter-
actions within our setup could significantly influence partic-
ipants’ confidence and opinions in both human-human and
human-bot dynamics. The analysis revealed that dynamic in-
teractions significantly influenced both participants’ opinions
and confidence, regardless of whether they interacted with
humans or bots.

To reach these conclusions, we conducted two types of
analyses (see table[I). First, we examined opinion changes
by calculating the proportion of changed responses per partic-
ipant and assessing the overall proportion of changes within
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Figure 3: Proportion of changed opinions across experiments.
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each condition, using confidence intervals to determine sta-
tistical significance. Second, we investigated confidence
changes through paired t-tests, comparing pre- and post-
interaction measurements. The confidence intervals exclud-
ing zero for opinion changes and the significant t-test results
for confidence demonstrate the robust impact of dynamic in-
teractions on both measures.

Table 1: Changes in Opinions and Confidence
Confidence t-test
AMean t(df) p

3.61(149)  <.001
294(199)  <.01

Opinion Change
Condition Changed (%) CI

Bot 23.6 [2,44] 0.89
Human 21 [4,38] 0.62

Note: CI = 99% Confidence Interval. AMean = change in confidence.

In Experiment 3, we analyzed opinion and confidence
changes as well, assessing the significance of each condition
separately. Since conditions were randomly assigned, we also
examined interaction effects between them. Additionally, we
investigated whether participants were more likely to revise
their answers after initial disagreement versus agreement.

For all four conditions, we found that participants changed
opinions on a significant portion of the questions (see Fig.
B). Specifically, for the Human-Bot Dynamic condition,
the proportion of changed responses was 19.2%, 99.9% CI
[0.8,37.5]. For the Human-Human Dynamic condition, the
proportion was 23.6%, 99.9% CI [3.8,43.3]. For the Human-
Bot Static condition, the proportion of changed responses was
18.4%, 99.9% CI [0.3,36.4]. For the Human-Human Static
condition, the proportion was 21.2%, 99.9% CI [2.1,40.2].
These findings confirm that participants in each condition sig-
nificantly reconsidered and modified their initial opinions fol-
lowing the interactions, with the confidence intervals clearly
indicating the statistical significance of these changes.

In the next stage, we analyzed the differences in opinion
change between the four conditions. Our results consistently
showed that neither dyad type (human-human vs. human-
bot) nor interaction mode (dynamic vs. static) played a sig-

nificant role in shaping opinion change. Meaning interacting
with a bot was as meaningful as interacting with another hu-
man, and reading a paragraph was as meaningful as talking to
a partner. Frequentist t-tests found no significant differences
between conditions, and effect size calculations (Cohen’s d)
confirmed that any observed differences were negligible. To
further strengthen support for the null hypothesis, Bayesian
t-tests provided moderate to strong evidence for similarity,
with (BF10 = 3.42) for dynamic conditions, (BF10 = 7.69)
for static conditions, (BF10 = 9.39) for human-human dyads,
and (BF10 = 13.41) for human-bot dyads. These results in-
dicate strong support for the null hypothesis, reinforcing that
interaction format and dyad type do not meaningfully influ-
ence opinion shifts.

Additionally, we examined two aspects of participants
opinion change across various interaction settings: 1) whether
participants were more likely to change their answers follow-
ing initial disagreement compared to initial agreement, and
2) whether they were more inclined to maintain their answers
when there was initial agreement rather than initial disagree-
ment (as illustrated in Fig. [). Our findings indicate that ini-
tial disagreements frequently prompted participants to change
their responses, a trend particularly pronounced in dynamic
settings and bot-mediated interactions. Conversely, initial
agreements were more often associated with maintaining re-
sponses, especially in dynamic contexts. The analysis indi-
cates that opinion changes were driven by conversational dy-
namics rather than the time interval between questionnaires,
demonstrating the impact of interaction patterns on partici-
pant persuasion. However, exceptions were observed, such
as in the Bot Static condition, where initial agreement did not
consistently result in unchanged responses. This suggests that
the effects of initial agreement or disagreement on response
changes can vary significantly based on the specific dynamics
of the interaction or the characteristics of bot involvement.

Next, we analyzed the change in confidence between con-
ditions (see Fig. [5). We found that confidence increased sig-
nificantly in all conditions, except for the static bot condition,
in which confidence increased marginally. For the Human-
Bot Dynamic condition, confidence increased significantly,
1(249) = 2.59,p < 0.01. For the Human-Bot Static condi-
tion, the confidence did not significantly increase, 7(249) =
0.73,p = 0.465. For the Human-Human Dynamic condi-
tion, there was a significant increase in confidence, #(249) =
2.14, p < 0.05. For the Human-Human Static condition, con-
fidence also increased significantly, #(249) = 2.73,p < 0.01.

Additionally, we conducted a mixed-design ANOVA to
examine how confidence levels changed over time before
vs. after and whether participants changed their opinions.
The analysis revealed a significant main effect of opinion
change, F(1,998) = 67.80, p < .001, n%; = .048, indicating
that participants who changed their opinions experienced sig-
nificantly different confidence levels compared to those who
did not. There was also a significant main effect of time,
F(1,998) = 10.60, p = .001, % = .003, suggesting that,
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Figure 4: Proportion of opinion changes by initial agree-
ment with conversation partner across conditions. Each quad-
rant shows the percentage of participants who changed or
maintained their opinions, separated by whether they initially
agreed or disagreed with their conversation partner.

overall, participants’ confidence levels significantly increased
from before to after the interaction.

However, the interaction between time and opinion change
was not significant, F(1,998) = 0.01, p = .928, nQG < .001.
This indicates that the increase in confidence over time did
not differ significantly between participants who changed
their opinions and those who did not. In other words, while
both time and opinion change individually affected confi-
dence, their combined influence was not significant.

To examine patterns of confidence change, we compared
two linear mixed-effects models - with and without interac-
tion between time and condition type. Both models included
a random intercept for conversation. When comparing inter-
action types (static vs. dynamic), BIC values favored the sim-
pler model without interaction terms for both human-human
(ABIC = 6.83) and human-bot (ABIC = 5.73) dyads. Simi-
larly, when comparing dyad types, BIC values also supported
the simpler models in both dynamic (ABIC = 6.89) and static
(ABIC = 5.79) conditions. Across all comparisons, the con-
sistent preference for models without interaction terms (as in-
dicated by lower BIC values) suggests that while there were
main effects of time and condition type on confidence rat-
ings, the patterns of confidence change over time remained
relatively stable regardless of dyad type or interaction format.

Discussion

First and foremost, our study demonstrates that in both static
and dynamic settings, Al agents can be persuasive, effec-
tively shifting opinions. Crucially, our results generalize prior
findings on Al-driven persuasion by showing that these ef-
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Figure 5: Mean confidence ratings at the start and end of
interactions, shown separately for participants who changed
or maintained their opinions across four experimental condi-
tions (Human/Bot x Dynamic/Static)

fects hold even in an ecologically valid, real-world conver-
sational setting. Unlike many prior studies that focused on
structured, English-language interactions, our study was con-
ducted entirely in Hebrew, emphasizing the robustness of AI’s
persuasive capabilities across linguistic and cultural contexts
(Naous, Ryan, Ritter, & Xul 2024; Ramezani & Xu| [2023;
Schimmelpfennig et al., 2024).

Furthermore, our findings underscore the robustness of
LLM persuasion even when participants are fully aware that
they are interacting with a bot. While previous research sug-
gests source awareness can reduce LLM credibility (Teigen,
Madsen, George, & Yousefi,|2024)), our study shows that per-
suasion remains effective despite this awareness. This sug-
gests that the quality of the arguments, rather than the source,
may be the primary driver of the change in opinion.

Our study also measured two distinct aspects of persua-
sion: opinion change and confidence shifts. While opinion
shifts were evident across conditions, confidence increased
significantly in all but the static bot condition. This indi-
cates that conversational engagement, particularly in dynamic
settings, reinforces participants’ certainty in their positions,
whether or not their opinions change. Future research should
further explore the interplay between confidence and persua-
sion, as increased confidence does not necessarily correlate
with greater persuasion success.

A key insight from our findings is that persuasion occurred
consistently across all conditions and was unaffected by dyad
type or interaction mode. Whether the interaction was with a
human or a bot, static or dynamic, the overall patterns of opin-
ion change and confidence shifts remained similar. This chal-
lenges assumptions that dynamic engagement is inherently
more persuasive than static message exposure. One possible
explanation is that persuasion relies more on the clarity, co-
herence, and perceived relevance of the arguments than on
the mode of delivery. A well-structured static message may
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contain all the necessary persuasive elements upfront, making
additional interaction redundant.

From a real-world perspective, our findings have important
implications for understanding how Al-driven persuasion op-
erates in different digital environments. The static condition
mirrors scenarios like social media posts, where individuals
encounter brief persuasive messages without interaction. The
dynamic condition is more akin to real-time conversations in
messaging apps or forums. Our results suggest that LLMs
can be persuasive in both formats, reinforcing concerns about
their potential influence in online discourse, particularly in
politically or socially charged discussions.

Additionally, preliminary examination shows that static in-
teractions required significantly less time than dynamic inter-
actions, as participants only needed to read a short paragraph
rather than engage in an extended discussion. This has im-
portant practical implications: if static persuasion is as effec-
tive as dynamic persuasion, then shorter, one-time messages
could be a more efficient and scalable means of influencing
opinions in real-world applications.

Finally, while our study focuses on the effectiveness of
LLM persuasion, it also raises ethical concerns. The ability
of LLMs to influence opinions so effectively necessitates dis-
cussions on responsible Al deployment. Issues such as trans-
parency, manipulation, and misinformation warrant careful
consideration, particularly as Al systems become increas-
ingly integrated into everyday communication.

In sum, our study provides strong evidence that Al-driven
persuasion is both effective and generalizable across differ-
ent cultural and linguistic contexts. The fact that persuasion
remains consistent across conditions, even with minimal en-
gagement in static settings, highlights the broad applicability
of these findings. As Al systems continue to evolve, under-
standing their persuasive impact will be critical for both pol-
icymakers and researchers alike.

Limitations and Future Work

While our study provides valuable insights into Al-driven
persuasion, it also highlights areas for further exploration.
One consideration is the ecological nature of our setup.
While allowing natural conversations increased realism it
also introduced variability in argument depth across condi-
tions—and in the dynamic setting, variation in the number of
arguments as well. Since interactions were not strictly con-
trolled, differences in engagement levels may have influenced
the observed effects. Future research should disentangle the
key factors that shape meaningful interactions by conducting
more controlled experiments that systematically vary argu-
ment quantity, interaction duration, and conversational depth.
Another important factor is participants’ awareness regard-
ing who they were interacting with, which, as prior studies
suggest, may have influenced their responses (Aydin & Mallel
2024; |ILim & Schmilzle, [2024; [Teigen et al., 2024). Given
that all conditions in our study yielded similar persuasion out-
comes, this raises the question of whether awareness of inter-

acting with a bot limits LLM-based agents’ persuasion effec-
tiveness. If participants had not been explicitly informed that
they were engaging with an Al, it is possible that the persua-
sive impact of the bot could have been even stronger. Beyond
credibility effects, further research should explore how LLM
awareness influences engagement, resistance to persuasion,
and reliance on heuristics. Key factors to examine include
one’s previous Al experience (Lim & Schmailzle, 2024), trust
in automation, and topic sensitivity.

Our study also focused on immediate persuasive effects
without assessing long-term opinion stability. We did not
conduct follow-up evaluations (e.g., after 10 days or 2
months) to determine whether observed changes in opinion
persisted over time. Moreover, while most research on LLM
persuasion—including ours—examines belief change within
experimental settings, further work is needed to understand
how these effects translate into real-world behaviors, where
individuals face actual costs and responsibilities.

Future work should move beyond outcome measures and
undertake a fine-grained content analysis of the conversation
transcripts. By coding each message for argumentative struc-
ture, thetorical strategies, and evidential strength, researchers
could uncover what constitutes high-quality argumentation in
the different tested conditions. Such analysis would clarify
whether similar persuasive outcomes stem from shared ar-
gumentative patterns or qualitatively distinct strategies and
link the different strategies to established models of argumen-
tation and persuasion (Petty, Cacioppo, Petty, & Cacioppo),
19865 [Toulmin, 2003; [Van Eemeren, Grootendorst, & Groo-
tendorst, 2004} Walton, Reed, & Macagnol, 2008)).

An additional open question is how the bot’s opinion and
confidence evolved throughout the discussion. Unlike hu-
mans, bots do not have genuine opinions or independent rea-
soning processes and are known to adjust their responses to
align with user expectations, a phenomenon known as “’syco-
phancy” (Perez et al., 2022; We1, Huang, Lu, Zhou, & Le}
2023). Understanding how this tendency influences persua-
sion effectiveness and user trust remains an important open
question. Future work should investigate whether dynamic
LLM responses enhance persuasion by fostering engagement
or undermine trust by appearing inconsistent.

Finally, while we used a specific prompting approach and
model size, prior research shows that both factors influence
model behavior, sometimes leading to substantial differences
in performance (Durmus et al., [2024; [Nisbett & Spaiser,
2023). Our study provides a lower bound on LLMs’ persua-
sive capability, as different prompts or larger models could
yield alternative—and potentially stronger—persuasive out-
comes. Future research should examine how variations in
both prompt design and model size affect not only persua-
sion success but also user trust, engagement, and resistance,
particularly in real-world, long-term interactions.

By addressing these limitations, future studies can refine
our understanding of LLM-driven persuasion and its implica-
tions for human decision-making in everyday contexts.
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