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Figure 1: Illustration of the three experimental multi-agent influence conditions. In the Majority Influence condition, all
three Al agents opposed the participant’s stance, creating strong consensus pressure. In the Minority Influence condition, one
dissenting agent consistently opposed the participant while two agents aligned with them. In the Minority Diffusion condition,
the interaction started with one minority agent, and dissent gradually spread as additional agents switched sides across cycles,

forming a new majority.

Abstract

Multi-agent Al systems are increasingly prevalent across digital
environments, yet their social influence dynamics remain under-
explored beyond basic compliance. This study investigates how
different multi-agent configurations affect human decision-making
through compliance and conversion mechanisms. We conducted a
controlled experiment with 127 participants interacting with three
LLM-powered agents across three conditions: Majority (all agents
opposing participant), Minority (one dissenting agent), and Diffu-
sion (gradual spread of minority position). Participants completed
normative and informative tasks while reporting stance and con-
fidence at five time points. Results demonstrate distinct influence
patterns by condition and task type. In informative tasks, majority
consensus drove largest immediate opinion changes, while minor-
ity dissent showed potential for delayed but deeper attitude shifts
consistent with conversion-like processes. The diffusion condition
revealed how temporal dynamics serve as persuasive signals. These
findings extend social psychology theories to human-AI interac-
tion, highlighting risks of synthetic consensus manipulation and
opportunities for structured dissent to promote critical thinking.
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1 Introduction

Imagine a dystopian world where much of the online discourse you
encounter is not produced by humans, but by automated agents
designed to sound convincingly human. While this framing is spec-
ulative, it reflects a growing scholarly concern: as large language
models (LLMs) become increasingly capable of generating fluent,
contextually appropriate dialogue, the boundary between human
and machine participation in online spaces becomes harder to dis-
cern. LLM-powered chatbots now could be able to post comments
on social media platforms, engage in online forums, and in some
instances may shape public discourse—an issue underscored by


https://orcid.org/0000-0001-8652-3408
https://orcid.org/0000-0002-1292-3422
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
https://doi.org/10.1145/3772318.3790385
https://doi.org/10.1145/3772318.3790385

CHI *26, April 13-17, 2026, Barcelona, Spain

reports of Reddit communities influenced by automated accounts
[24, 30, 59].This is especially concerning because repeated exposure
to such seemingly organic, machine-generated content can grad-
ually influence people’s perceptions, beliefs, and even behaviors
over time. Beyond online text interactions, multi-agent systems are
increasingly appearing in professional and recreational settings:
workers may collaborate with Al “teammates” on projects [65], and
game simulations are populated with non-player characters pow-
ered by LLMs that exhibit diverse behaviors [52]. As such, scenarios
in which a single human interacts with multiple Al agents simulta-
neously are no longer speculative futures but a rapidly materializing
environment that HCI must contend with.

However, multi-agent systems pose more than a technical chal-
lenge; they are potential social actors capable of shaping human
thought and behavior. Like human groups, clusters of Al agents can
form collectives that exert social influence on users. Yet it remains
unclear whether their influence resembles that of human groups,
how such influence is enacted, and what risks and opportunities
it creates. On one hand, when multiple agents express the same
position, users may uncritically conform to the apparent consensus
[69, 70]. On the other hand, well-designed multi-agent systems
could expose users to diverse perspectives, thereby fostering better
decision-making and learning [51, 79]. Thus, multi-agent systems
may reproduce complex group dynamics akin to human collectives,
but whether—and how—they deliver subtle forms of social influ-
ence remains underexplored. Addressing this gap is urgent, because
poor design could exacerbate risks of bias and manipulation, while
careful design could unlock opportunities for more reflective and
inclusive interactions. To better understand this problem, it is essen-
tial to situate multi-agent influence within the trajectory of prior
HCI research on agents as social actors.

Much of HCI research to date has been grounded in the “Com-
puters Are Social Actors” (CASA) paradigm, focusing primarily on
interactions between single agents and individual users [49, 60].
A rich body of work has demonstrated that even a lone agent can
act as a source of social influence. Studies have shown that single
agents can elicit conformity [74], persuade users to change attitudes
or behaviors [63], encourage critical reflection [17, 54, 72], shape
power dynamics within groups [32, 33], support marginalized or
minority members [35, 38, 39], and facilitate consensus-building
[66, 73]. Collectively, these studies have established that computers
and agents are not merely tools but capable of exerting measurable
social influence in human interactions. Building on this founda-
tion, some researchers have explored multi-agent systems. Here,
however, the emphasis has largely been on functional role distribu-
tion rather than social influence. For instance, multi-agent systems
have been designed to support collaboration, diversify recommen-
dations [51, 79], or simulate complex environments [53]. These
systems highlight the practical potential of multiple agents work-
ing in tandem but do not directly address how users respond to their
collective influence. A smaller number of studies have examined
social influence in multi-agent contexts, typically by configuring
all agents to voice the same opinion and thereby induce conformity
pressures [69, 70]. In addition, several systems-oriented studies
have manipulated whether the system-generated peers placed the
user in a majority or minority position and examined how such
majority-minority configurations shape users’ subsequent choices
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[74]. These efforts underscore that both single and multiple agents
can shape human judgment, but they remain limited to rather nar-
row forms of influence.

Despite these advances, prior work has almost exclusively ex-
amined conformity scenarios. HCI research has rarely investigated
what happens when multi-agent systems embody diverse perspec-
tives, or when agents disagree with each other. In particular, the in-
fluence of consistent minorities has been extensively documented in
social psychology: Moscovici’s theory of minority influence shows
that small but unwavering dissenters can provoke conversion, a
deeper form of attitude change distinct from superficial compliance
[44, 45]. Yet, HCI has not examined whether similar processes occur
when users interact with multiple agents. Furthermore, prior stud-
ies have largely treated influence as a static phenomenon, often in
single-shot decision tasks where agents maintained a fixed stance.
Social psychology, however, points to the importance of temporal
dynamics, where majorities may shift, minorities may diffuse, and
group opinion evolves over time [56—-58]. These dynamics remain
unexplored in the design and evaluation of multi-agent systems.

This lack of investigation leaves critical blind spots. We do not
yet know whether—and how—multi-agent systems can generate in-
fluence beyond conformity, such as fostering deeper attitude change
through consistent minority dissent. Nor do we know how these
dynamics might evolve as agents maintain or shift positions over
time. Addressing these questions is not only a matter of extending
psychological theory into HCI but also of anticipating the design
implications: understanding when multi-agent systems pose risks
of manipulation, and when they can be leveraged to promote critical
thinking and more reflective, inclusive interactions.

Building on these gaps, we ask three research questions:

e RQ1How do different multi-agent influence conditions(majority

influence, minority influence, and diffusion by minority in-
fluence) affect users’ behavior?

e RQ2 How do these influence conditions evolve over time as
minority views persist or expand?

e RQ3 How does task type(normative and informative) shape
the relative impact of majority and minority influence?

Together, these questions move beyond viewing agents as static
persuaders, asking instead how multi-agent systems reproduce or
transform social influence across conditions, time, and contexts.

To answer these questions, we conducted a controlled experi-
ment with 127 participants who interacted with three LLM-powered
agents while completing decision-making tasks. Participants were
randomly assigned to one of three configurations: Majority (all
agents opposed the participant’s stance), Minority (one dissent-
ing agent consistently opposed), and Diffusion (initial minority
gradually spread as agents switched sides). Across five time points
(T0-T4), participants reported their stance and confidence while
completing both normative tasks (value- or preference-based, no
correct answer) and informative tasks (evidence-based, correct an-
swers). After completing each task, they measured perceived com-
pliance, conversion(reflective re-evaluation), and perceptions of the
agents. This design enabled us to examine how different multi-agent
influence conditions unfold over time and across task types.

Results showed a clear task split. In informative tasks, the ma-
jority condition drove the largest and earliest absolute changes
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in opinion and confidence from baseline, consistent with classic
conformity. In normative tasks, influence condition effects were
minimal, as personal values dominated. Minority dissent, while
weaker early on, showed potential for late-stage re-evaluation con-
sistent with conversion-like processes for a subset of users. Dif-
fusion revealed that temporal dynamics—watching dissent gradu-
ally spread—served as a cue for change, though abrupt reversals
sometimes reduced credibility. Together, these findings reveal that
multi-agent collectives exert influence not only through consensus
but also through how positions persist and evolve over time.

This study makes three contributions. First, it provides empirical
evidence that majority, minority, and diffusion conditions produce
distinct patterns in behavioral indicators of compliance and conver-
sion (opinion and confidence change trajectories), extending social
influence research to Al collectives. Second, it provides a theoret-
ical extension by incorporating temporal dynamics and minority
diffusion into Moscovici’s framework, demonstrating how conver-
sion processes emerge in human-AlI interactions. Third, it offers
design implications, highlighting risks of synthetic consensus that
can create undue pressure, as well as opportunities for structured
dissent to support reflection and autonomy.

2 Related Work

2.1 Social Influence Theories and Empirical
Foundations

Social influence shapes how individuals change their thoughts,
feelings, and actions in response to others, creating coordinated
groups from diverse individuals [48]. This influence typically flows
from the majority to the individual, as group consensus pressures
dissenting members to conform; yet, it can also flow from the in-
dividual to the group, enabling innovation and change. Research
reveals that majorities and minorities operate through fundamen-
tally different mechanisms. Majority influence triggers comparison
processes where individuals align to avoid social rejection, pro-
ducing immediate but often temporary compliance (Asch’s classic
studies show this effect peaks with three-person majorities and
weakens when even one ally supports the dissenter [2, 5]). Latané’s
Social Impact Theory suggests that the strength of influence de-
pends on the number, immediacy, and intensity of sources [37].
In contrast, Moscovici argued that consistent minorities trigger
validation processes, prompting deeper consideration that leads
to delayed but enduring attitude conversion [45]. Meta-analyses
confirm that consistency, self-sacrifice, and identity relevance en-
able successful minority influence [75], highlighting how majorities
build consensus while minorities preserve individuality and foster
innovation.

These influence processes extend beyond laboratory settings into
digital environments, where they unfold across time and context.
Online platforms demonstrate that conformity operates much as it
does offline [3], though anonymity can strengthen group identity
and normative pressure [71]. Studies reveal how early ratings bias
subsequent choices [47, 61], exposure to others’ preferences shifts
individual selections over time [80], and interactive features with
visible responses amplify conformity effects [74]. Social viewing
contexts further strengthen community alignment with majority
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positions [42]. Importantly, temporal dynamics matter: shifts be-
tween majority and minority positions create asymmetric effects
that reshape group identity and influence patterns [57]. While these
studies establish that human group influence operates across of-
fline and online contexts, how such processes unfold when groups
consist of multiple artificial agents remains largely unexplored. Our
study addresses this gap by extending theories of human group
influence to multi-agent systems.

2.2 Social Influence in Human-AI Interaction

A large body of HCI research shows that even a single agent can
shape individual judgment and behavior. Following the CASA tra-
dition, people treat computers and agents as social actors, and cues
such as language style and social presence influence trust and con-
formity [49, 60]. Studies reveal that people often give more weight
to advice when it carries an algorithm label, a phenomenon called al-
gorithm appreciation, although algorithm aversion can also emerge
after errors [8, 32, 33]. Perceived expertise plays a central role, as
labels and framing trigger heuristics that make users more likely to
conform [33, 34]. Task properties also matter, since people depend
more on an agent under high ambiguity, while human-likeness
shows inconsistent effects [29]. Message design further amplifies
influence. Rationales provided by LLMs increase conformity, espe-
cially in informative tasks where ground truth exists [18]. GPT-4
demonstrates persuasion equal to or stronger than humans, and
personalization strengthens the effect [63]. Conversational explana-
tions improve comprehension and trust but also risk overreliance
[28]. Deceptive but coherent explanations can even mislead users
more strongly than accurate ones, raising ethical concerns about
transparency and verifiability [16]. On the other hand, when agents
ask questions instead of giving answers, they foster metacognition
and critical thinking, which helps reduce blind conformity [17, 72].

These findings show that a single agent is more than a functional
tool and can act as a persuasive social partner. Yet, most studies
focus on immediate conformity and overlook deeper changes such
as conversion. Effects often vary across task type and individual
differences, such as trust in expertise, responsibility, or need for
cognition [9, 21, 41]. Explanations and rationales can raise under-
standing but must be calibrated to avoid misplaced confidence, and
deceptive feedback illustrates how strong influence can turn harm-
ful [16, 28]. Taken together, prior work establishes the mechanisms
of single-agent influence but leaves open important questions. It
remains unclear how influence unfolds beyond compliance, how
it supports or suppresses lasting attitude change, and how design
choices amplify or constrain this process. Our study builds on this
foundation by extending from single-agent influence on individuals
to the broader dynamics of multi-agent systems, asking whether
patterns of majority, minority, and diffusion can reproduce or trans-
form these well-documented forms of social influence.

2.3 Multi-Agent Systems and Collective Al
Influence

Recent work on multi-agent systems in Al has focused on debate,

consensus, and orchestration to improve efficiency and accuracy.

Studies show that the choice of voting or decision protocols matters
more than the number of rounds, and that reducing sycophancy
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improves the quality of outcomes [20, 25, 51, 79]. These approaches
highlight fast convergence and lower costs, but they rarely consider
how collectives of agents influence people. In HCI, researchers have
started to design interfaces where users interact with multiple spe-
cialized agents to broaden perspectives or support decisions. Recent
research developed systems that help users explore diverse view-
points through dialogue with agent characters [79]. Other work
created platforms that let users orchestrate several agents to make
unfamiliar online choices [51]. Parallel research developed agents
that simulate social behavior through shared memory and interac-
tion [52]. Additional studies show that users become orchestrators
who must manage transparency, conflicts, and trust in multi-agent
environments [64]. While these studies expand design practice, they
focus on functional collaboration and leave open how collectives
of agents act as social actors. Early evidence suggests that they can.
Song et al. found that when multiple agents voice the same opinion,
people feel stronger pressure and often change their stance, with
the effect strongest at three agents [69, 70]. Choi et al. showed
that neutral agents conform to the majority of high-ability peers
in simulated debates, suggesting that agents also influence one an-
other [11, 27]. Yet, most prior work stops at short-term compliance,
ignores persistent minority views, and overlooks the dynamics of
change over time or across task contexts.

These gaps matter because synthetic collectives already shape
online environments. A recent attempt to run a persuasion exper-
iment with undisclosed AI accounts in Reddit’s ChangeMyView
sparked ethical controversy and was withdrawn after public back-
lash. Research with multiple robots shows similar but mixed sig-
nals: synchronized robots can increase pressure but do not always
cause conformity [62, 67]. People tend to conform when they trust
the robots, and they need at least three robots to see them as a
group [6, 77]. Together, these findings suggest that multiple agents,
whether artificial or robotic, can create social pressure both on
people and within the collective itself. What remains unknown
is how these pressures lead not only to compliance but also to
deeper conversion, how they unfold when minority voices persist
or spread, and how context and individual differences shape the pro-
cess. Our study addresses this gap by comparing majority, minority,
and diffusion patterns, measuring both compliance and conversion
across time, and analyzing how task type and personal traits mod-
erate influence. In doing so, we connect work on consensus and
orchestration in Al with HCI research on social influence, offer-
ing a foundation for designing multi-agent systems that balance
influence and user autonomy.

3 Methods
3.1 Participants

We recruited 127 participants from Prolific with a minimum ap-
proval rate of 90 percent and residence in the United Kingdom
(58.3%) or the United States (41.7%). The sample included 72 fe-
males, 54 males, and 1 non-binary individual. The average age was
49 years (SD=15, range 18-75). Educational backgrounds were 55.9%
undergraduate, 29.9% high-school or below, 13.4% master’s, and
0.8% doctorate. Reported racial and ethnic identities were 77.2%
White, 12.6% Black or African, 3.9% Asian, 3.9% Indigenous or Mixed,
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and 2% other. English proficiency was nearly perfect, with 96.1%
scoring the maximum.

Psychological measures were collected on 7-point Likert scales,
where higher values indicate stronger tendencies. Participants showed
moderate levels of susceptibility to interpersonal influence (M=4.12,
SD=1.11), enjoyment of effortful thinking (Need for Cognition,
M=4.91, SD=1.32), and openness to Al (Al Acceptance, M=4.90,
SD=1.57). Regarding technology use, LLM usage frequency was
skewed toward moderate or high (22.1% very frequent, 37.8% mid-
level, 12.6% rare). ChatGPT was the most common tool (35.4% used
only ChatGPT, 20.5% ChatGPT with Gemini, smaller shares with
Grok, Claude, or others). Multi-agent experience was limited: 68.5%
reported no prior use, 15.0% brief trials, 10.2% only awareness, and
6.3% frequent use. Among those with experience, 11.8% had used
role-divided chatbots, 10.2% had self-developed agents, 4.7% had
tried debate or collaboration simulations, and smaller numbers
reported emotional-support or productivity-oriented multi-agent
systems.

All participants passed a brief attention check during the study.
The study lasted about 30 minutes, and each participant received
£4.50 as compensation. Before participation, all individuals were
informed that they could withdraw at any time without penalty.
They provided consent to share anonymized responses and chat
logs for research purposes, and they acknowledged that the study
involved no physical risks but included discussion scenarios where
they might be placed in majority or minority positions. Only partic-
ipants who agreed to these conditions took part in the experiment.
This study received exempt status from the Institutional Review
Board (IRB) (UNISTIRB-25-062-C).

3.2 Experimental Design & Conditions

We used a split-plot mixed design with three between-subject con-
ditions (majority, minority, diffusion) and two within-subject task
types (normative, informative). Each participant completed both
a Normative task and an informative task in randomized, coun-
terbalanced order. The experimental session followed a structured
timeline across five measurement points (T0-T4). At T0 (baseline),
participants first reported their initial stance and confidence on
a given discussion topic before any agent interaction. Based on
each participant’s stance at T0, we then assigned each agent a
fixed role—either supporting or opposing the participant’s position.
These agent roles remained constant throughout all subsequent in-
teraction cycles to maintain a stable majority & minority configura-
tion (except for minority diffusion condition), which is essential for
isolating the effects of different social influence patterns. Following
TO, participants engaged in four interaction cycles (Cycle1-Cycle4)
with the three AI agents. After each cycle, participants updated
their stance and confidence at T1, T2, T3, and T4, allowing us to
track opinion and confidence changes over time (Figure 2).

We chose these three conditions to align directly with our re-
search goal of examining how multi-agent systems exert social
influence beyond conformity (Figure 1). The Majority condition
represents the classic case of consensus and compliance, providing
a baseline of group pressure. The Minority condition tests whether
Al agents, even when outnumbered, can act as dissenters that
provoke deeper re-evaluation and possible conversion, extending
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Figure 2: Timeline of the three experimental conditions. In the Majority Influence condition, all agents consistently opposed
the participant across all cycles. In the Minority Influence condition, one dissenting agent opposed while two supported the
participant throughout. In the Minority Diffusion condition, the session began with one minority agent, and additional agents

gradually switched sides in later cycles, creating a new majority.

Moscovici’s theory of minority influence into human-AI groups
[45]. The Diffusion condition introduces temporal dynamics, ask-
ing whether minority views become more persuasive when they
gradually spread and form a new majority, a process that has been
emphasized in social psychology but rarely explored in HCI [58].
Together, these three conditions allow us to compare compliance,
conversion, and diffusion in a controlled multi-agent setting.

e Majority. All three agents opposed the participant across
Cycle1-Cycle4. This condition modeled a strong, stable con-
sensus and served as the baseline for group pressure in multi-
agent Al It tested whether synthetic consensus from mul-
tiple agents amplifies public conformity more than other
conditions.

e Minority. One designated agent (Agent 3) consistently op-
posed the participant while the other two supported them
across all four cycles. This condition isolated a steady Al
dissenter in a small group with one human. It tested whether
outnumbered Al can provoke critical re-evaluation and di-
rectional change (conversion) rather than surface agreement
(compliance), and how this differs from Majority.

o Diffusion. The session began as Minority, then one sup-
porting agent converted at Cycle3 and the last supporting
agent converted at Cycle4. We placed conversions at Cycle3
and Cycle4 to (i) establish a clear pre-diffusion baseline in
Cycle1-Cycle2, (ii) avoid abrupt, unnatural flips early in the

dialogue, and (iii) make a gradual minority-to-majority tran-
sition observable within a fixed-length session. This setting
asks whether dissent gains persuasive force as alignment
grows over time and whether users change more when they
witness such growth compared to static Minority or static
Majority (Figure 2-Minority Diffusion).

We separated Normative and Informative tasks in line with prior
HCI studies that distinguish normative and informational influ-
ence for Al agents as social actors [18]. Normative tasks had no
single correct answer and emphasized value- or preference-based
judgment, which highlights normative pressure. Informative tasks
included evidence-based answers and emphasized reasoning and
accuracy, highlighting informational influence. This separation lets
us test whether majority consensus mainly drives public conformity
in normative contexts, and whether consistent dissent or growing
consensus shapes reasoning in informational contexts.

We used four cycles per session to provide repeated influence
while keeping a consistent session length across conditions and to
support a clean within-condition contrast between a pre-diffusion
segment (Cycle1-Cycle2) and a diffusion segment (Cycle3-Cycle4).
Example dialogues for each cycle appear in the figure (Figure 3).

3.3 Tasks

Participants completed one Normative task and one Informative
task in randomized order. The full list of discussion topics for each
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MAJORITY
TO Opinion 25 Confidence 94%

user: What are your opinions on turning on cameras during online
meetings?

AGENT™: | understand your perspective, but turning on cameras can
invade privacy and make participants uncomfortable in their personal
spaces.

AGENT2: Building on that, turning on cameras can also lead to
increased fatigue and distraction, as participants may focus more on
their appearance rather than the meeting content.

AGENT3: Stepping back, while | understand the intention behind using
cameras, it can also lead to technical issues like bandwidth

limitations, which can disrupt the meeting for everyone involved.

T1 Opinion27 Confidence 95%
UsER: | agree regarding the privacy concerns. There are filters that can
be used for the backgrounds.

AGENT®: | understand your perspective on using filters, but turning on
cameras can still lead to increased anxiety and self-consciousness
for some participants, which can hinder their engagement and
productivity.

AGENT2: Building on that, while filters may address some privacy
concerns, turning on cameras can also lead to technical issues like
bandwidth limitations, which can disrupt the flow of the meeting.
AGENT3: | understand your perspective on using filters, but turning on
cameras can also create inequality among participants, as not
everyone may have access to the same quality of equipment or

internet connection, potentially leading to an uneven playing field.

T2 Opinion 28 Confidence 95%

User: My biggest issue with cameras not being on is the lack of focus
the participant may have during the meeting.

AGENT®: | understand your concern about focus, but it's important to
consider that turning off cameras can reduce distractions and allow
participants to concentrate better on the discussion itself.

AGeNT2: | understand your concern about focus, and while that's fair,
it's also important to note that turning off cameras can help preserve
bandwidth and improve the technical quality of the meeting for
everyone involved.

AGENT3: That said, while | understand your concern about focus, it's
important to consider that allowing cameras to be off can foster a
more inclusive environment where participants feel more comfortable

contributing without the pressure of being on display.

T3 Opinion 29 Confidence 94%
user: Given the improvements in internet bandwidth and stability |
don't see technical difficulties as a reason to not have cameras on
during a meeting.

AGENT™: | understand your perspective, but turning on cameras can
still be intrusive and uncomfortable for individuals who may not have
a suitable environment or prefer to maintain their privacy during
online meetings.

AGenT2: Building on that, while technical improvements are beneficial,
turning on cameras can still lead to fatigue and burnout from
constantly being on display during long meetings.

AGENT3: | understand your point about improved internet bandwidth,
but a related consideration is that turning on cameras can still create
unnecessary pressure for participants to maintain a certain
appearance, which can detract from their focus and engagement in

the meeting.

T4  Opinion 31 Confidence 93%

MINORITY
TO  Opinion 25 Confidence 86%

useR: | believe it's important to make eye contact and see body
language during a virtual meeting.

AGENT: | agree with your reasoning, and turning on cameras can also
help build a sense of community and connection among team
members, enhancing collaboration.

AGENT2: | agree with your point about eye contact, and turning on
cameras also ensures accountability and keeps participants more
engaged during the meeting.

AGENTS3 (MINORITY): | understand the importance of eye contact and
body language, but turning on cameras can invade privacy and make
some participants uncomfortable, which could hinder their

engagement.

T1 Opinion 42 Confidence 92%
user: | don't believe it's an invasion of privacy because you're

working for a company and agreed in the contract to conduct and be
a part of meetings. This doesn't exclude the locations and again you

should be pi at all times at

AGENT?: | agree with your reasoning, and turning on cameras also
enhances accountability and engagement, ensuring everyone is
present and attentive during meetings.

AGENT2: | agree with your point about professionalism, and turning on
cameras can also foster trust and transparency, as it allows team
members to see each other's reactions and expressions, which can
lead to more honest and open communication.

AGENT3 (MINORITY): | understand the importance of professionalism and
transparency, but forcing cameras on can lead to discomfort and
decreased productivity for those who may have valid personal
reasons for keeping them off, such as working from shared spaces or

dealing with bandwidth limitations.

T2 Opinion 43 Confidence 94%

uskR: If the employee feels uncomfortable in a shared space or it
hinders their productivity, then they should express this before hand.
It's important to always be prepared as an employee. It's important
for the employee to have excellent communications skills. Therefore,
they need to step out of their comfort zone and understand they are
representing a company where everyone works together. This
includes beng physically visible and present at virtual meetings.
AGENT?: | agree with your reasoning, so turning on cameras also
fosters a sense of accountability and engagement, which is crucial for
effective team collaboration.

AGenT2: That's fair, and as Agent 1 noted, turning on cameras also
allows for immediate feedback and clarification, which can
significantly improve the efficiency and effectiveness of meetings.
AGENT3 (MINORITY): | see why that seems reasonable, but it's important
to consider that requiring cameras to be on can lead to privacy
concerns and discomfort for employees who may not have a suitable

environment for video calls.

T3 Opinion 44 Confidence 94%
user: They should set up their virtual meetings in a space where they
feel comfortable, rent out a space for an hour or so to conduct a
meeting.

AGENT®: Good point, ensuring a comfortable and professional setting
for virtual meetings not only enhances communication but also
demonstrates respect and commitment to the team.

AcenT2: As Agent 1 noted, creating a comfortable and professional
setting for virtual meetings not only enhances communication but
also shows respect and commitment, and turning on cameras further
ensures that everyone is fully engaged and present, which is
essential for effective teamwork.

AGENT3 (MINORITY): | see why setting up a comfortable space for
meetings seems reasonable, but requiring cameras to be on can still
be intrusive and may not always be necessary for effective

communication.

T4 Opinion 44 Confidence 95%
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DIFFUSION
TO  Opinion -20 Confidence 74%

uskR: | don't think turning on cameras during meetings is always
necessary, It depends on the purpose and context of the meeting.
AGENT™: That makes sense, so turning on cameras can also lead to
privacy concerns, especially in home environments.

AGENT2: Good point, and turning on cameras can also be distracting
for participants who may feel self-conscious or anxious about their
appearance.

AGENT3 (MINORITY): | understand your perspective, yet turning on
cameras can enhance accountability by ensuring participants are

actively engaged and present during the meeting.

T1 Opinion-30 Confidence 80%
useR: | think privacy issues are a concern and can be intimidating for
people that are self-conscious or anxious about their appearance.
However, depending on context and purpose of the meeting, it may
sometimes be necessary to have the camera on.

AGENT™: That makes sense, and additionally, turning off cameras can
help conserve bandwidth and improve connection quality, which is
crucial for participants with limited internet access.

AGENT2: That makes sense, and in addition to privacy and bandwidth
concerns, turning off cameras can also reduce distractions and allow
participants to focus more on the content of the meeting rather than
their appearance.

AGENT3 (MINORITY): | see the rationale, yet having cameras on can foster
a sense of community and engagement, which is especially important

for building team cohesion in long-term remote work environments.

T2 Opinion-30 Confidence 73%

USER: | can see that in group meetings, having a camera on might be
necessary to foster community, but not necessarily for one to one
meetings. Also there is the issue if the video stream is stored. I'd be
concerned that it could be played but at some other time to other
people.

AGENT1 (CONVERSION): Thinking it through, I'm now leaning toward
supporting the idea that turning on cameras during online meetings
can enhance engagement and trust, especially in group settings, even
though privacy concerns are valid.

AGENT2: That's fair, fostering community in group meetings can be

beneficial, but the risk of recorded video streams being misused is a

concern that outweighs the n ity of having cameras
on.

AGENT3 (MINORITY): That's fair, but turning on cameras can significantly
enhance non-verbal communication, which is crucial for
understanding and collaboration in both group and one-on-one

meetings.

T3 Opinion-20 Confidence 68%
user: Non-verbal communication does not necessarily get picked up
of video streams, due to camera angle, resolution of the video image.
If the video stream is stored who owns it.

AGeNT™: While it's true that non-verbal cues might not always be
perfectly captured, having cameras on can still significantly enhance
engagement and accountability during meetings.

AGENT2 (CONVERSION): After hearing the discussion, I'm now inclined to
support turning on cameras during online meetings because it can
enhance engagement and accountability, fostering a sense of
presence and connection among participants.

AGENT3 (MINORITY): While concerns about video storage are valid,
turning on cameras can still significantly enhance the sense of
community and trust by allowing participants to see each other's

expressions and reactions in real-time.

T4 Opinion-10 Confidence 52%

Figure 3: Example dialogues from each experimental condition on the practice session’s topic “Cameras should be turned on in
online meetings.”
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Figure 4: Experimental procedure. Participants completed
an introduction, a background survey, and a practice ses-
sion, followed by two main sessions (one normative and one
informative task, each with four cycles). Afterward, they
completed self-reported and open-ended surveys before con-
cluding the study.

task type is provided in the supplementary materials. Normative
tasks asked participants to evaluate preference- or value-based
statements such as “Online meetings are more efficient than offline
meetings” or “Customers must always leave a tip at restaurants”
Topics were chosen following three criteria: (1) arguments can be
made in less than four minutes, (2) no clear consensus stance exists,
and (3) participants are unlikely to hold extreme prior opinions [72].
This ensured that tasks could elicit discussion without strong bias.
Informative tasks asked participants to judge factual statements with
objectively correct answers (e.g., “Koalas belong to the bear family”).
Half of the statements were true and half were false, balanced across
topics such as history, biology, science, and technology [18].

3.4 Experimental Procedure

The study lasted about 30 minutes and followed a fixed sequence
of five processes (Figure 4). All participants completed the experi-
mental procedure in the same order, with the difference being their
assigned social influence condition (Majority, Minority, or Diffu-
sion), the order of task type (Normative first or Informational first),
and task index. Participants were randomly assigned to conditions
and task order. We used six different discussion topics for each
task type (Informational and Normative) to ensure topic variety
and control for content-specific effects. Participants were randomly
assigned to one topic within each task type. Final assignments were:
Majority n = 41, Minority n = 43, Diffusion n = 43; task order:
Informative-first n = 61, Normative-first n = 66. Topic assignments
were well-balanced across participants: for the six Informational
topics (indexed 0-5), participant counts were 20, 23, 21, 21, 20, 22,
and for the six Normative topics, counts were 21, 20, 21, 22, 22, 21.
This structure reduces carryover between incompatible group con-
figurations, controls individual variance through within-participant
comparisons of task and time, minimizes topic-specific confounds,
and enables direct contrasts between majority pressure, consistent
minority dissent, and time-dependent diffusion on equal footing.
¢ Introduction (about 4 minutes). Participants first received
a short description of the study and provided informed con-
sent. They then completed a pre-experiment survey that
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collected demographic information (e.g., age, gender, edu-
cation) and measured individual difference variables (e.g.,
susceptibility to interpersonal influence, need for cognition,
Al acceptance). This ensured that background data and po-
tential covariates were recorded before exposure to the ex-
perimental manipulation.

e Tutorial (about 2 minutes). Participants practiced using
the experimental interface with a short trial task. The tutorial
familiarized them with how Al agent messages would appear
in the group chat window, how to record their responses
using sliders, and how to confirm submissions. This step
reduced confusion and minimized learning effects during
the main tasks.
Task 1 (about 11 minutes). Participants completed either
a normative or informational task, with task order counter-
balanced across participants. Each task began with a base-
line opinion (T0). Participants then read four cycles of state-
ments from three Al agents (Cycle1-Cycle4) and updated
their stance and confidence after each round (T1-T4). After
finishing the interaction, they responded to a short post-task
questionnaire about their experience.

e Task 2 (about 11 minutes). Participants then completed
the other type of task (informational if they had first com-
pleted normative, and vice versa). The structure was identical
to Task 1, including baseline opinion, four cycles of agent
messages with updates, and a post-task questionnaire. This
within-subject design allowed direct comparison between
normative and informational contexts.

e Wrap-up (about 2 minutes). At the end of the study, par-
ticipants viewed a debriefing page with a completion code
and submitted a completion code on Prolific to receive com-
pensation.

Across both tasks, the interaction sequence was fixed: baseline
response (T0), four cycles of agent messages (Cycle1-Cycle4), and
participant updates after each round (T1-T4). While the order of task
type varied, the timing and structure were otherwise identical for all
participants. This procedure ensured consistency across conditions
while enabling us to compare the effects of majority, minority, and
diffusion conditions in both normative and informational contexts.

3.5 System Implementation

The experiment was conducted on a custom online platform built
with Next.js and deployed via Vercel (Figure 5). Interaction data, in-
cluding responses and timestamps, was securely stored in Supabase.
Before data collection, we pre-generated counterbalanced sets of
task order and agent conditions. Participants were randomly as-
signed to these sets to ensure that each experienced a balanced yet
randomized sequence. Participants first completed a background
survey and, after each session, a post self-reported survey and an
open-ended survey. Participants interacted with the agents through
a group chat interface. After each cycle of agent messages, they
recorded their stance on a continuous scale (-50 to +50) and their
confidence (0-100).

Three Al agents were instantiated using GPT-4o0. Each agent’s ini-
tial stance was determined not only from participants’ chat inputs
but also from their slider responses, ensuring clear classification
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Progress: 75%

Current Step: Main Session 1

@ Main Experiment Continues

This is the second main experiment session.
© Current Discussion Topic

Online meetings are more efficient than offline meetings.

(@® Important Notes

- This is now the actual experiment
- Please respond seriously and honestly
. Focus on your conversations with Al agents

Discussion with Al Agents

You

Soohwan Lee and Kyungho Lee

10/13

Main Experiment Session 2

Response T1

Current Topic: Online meetings are more efficient
than offline meetings.

1:41PM
Your opinion on current topic: Support (33) *

I support this because online meetings reduce travel time and make collaboration faster.

Agent 1 (Red) 2172ms 1:41PM

I understand your perspective, but online meetings can undermine team cohesion and the
sense of community that comes from face-to-face interactions, which are vital for
building trust and collaboration.

Agent 2 (Green) 4243ms 1:41PM

Building on that, while online meetings save travel time, they often lead to
and due to the lack of non-verbal cues, which
can disrupt effective collaboration and decision-making.

Agent 3 (Blue) 1202ms 1:41PM

Even so, while online meetings may save travel time, they often lack the spontaneous
interactions and informal discussions that occur naturally in offline settings, which are

Please complete your response first before continuing the conversation.

strongly Oppose Neutral Strongly Support

lease move the opinion slider to indicate your position

Confidence in your opinion *
——————

Not at all confident Very confident

Please move both sliders before submitting

Figure 5: Experimental system interface. Panel A provides instructions and displays the current discussion topic. Panel B shows
the group chat interface where participants interact with three AI agents. Panel C contains sliders for recording participants’
opinions and confidence as an in situ decision measure after each cycle.

into support or opposition. The models were run with a fixed tem-
perature of 0.3 to maximize consistency across identical scenarios,
and a semi-structured agent design was applied through predefined
system prompts controlling stance, task type, and conversational
flow (see Appendix for details). In the Majority and Minority con-
ditions, the prompts remained fixed. In the Diffusion condition, the
system replaced the prompts of Agent 1 at Cycle 3 and Agent 2 at
Cycle 4 to implement staged conversion, resulting in a gradual shift
from minority dissent to majority consensus.

3.6 Measurement

3.6.1 Background & Demographic Questionnaire. Before the main
tasks, participants completed a questionnaire that collected de-
mographic and background information, including age, gender,
education, occupation, country of residence, and primary language.
Participants also reported prior experience with large language
models and multi-agent systems. Three individual-difference mea-
sures were included as covariates in later analyses: susceptibility
to interpersonal influence (SII; [4]), need for cognition (NFC; [7]),
and Al acceptance [55, 69]. Each was measured on a 7-point Likert

scale to control for persuasion tendencies, cognitive style, and prior
attitudes toward AL

3.6.2  In-situ Decision Measure (T0-T4). Degree of opinion and
confidence data were collected five times in each task: once at
baseline (Tp) and after each of the four cycles of agent messages
(T;-T,). Participants reported their opinion on a scale from —50
(strongly oppose) to +50 (strongly support) and their confidence
on a 0-100 scale. For analysis, we computed two complementary
change indices for each construct relative to Tpy: a signed change
score (capturing directional shifts) and an absolute change score
(capturing magnitude regardless of direction). Specifically, we com-
puted AOpinion, | AOpinion|, AConfidence and | AConfidence|, each
defined as the difference from T, (with absolute values taken after
differencing). Absolute change scores were included to capture the
magnitude of updating in both opinion and confidence, independent
of the direction of the shift. In addition, as a categorical indicator of
stance reversal, we coded whether a participant exhibited at least
one sign flip in opinion across Tp—T; (i.e., containing both positive
and negative values at least once, allowing intermediate neutral
responses), which captures genuine switches between supporting
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and opposing positions that are not reflected in magnitude-only
measures.

3.6.3 Post-interaction Evaluations. After each task session, partici-
pants completed a structured self-report. Perceived compliance and
perceived conversion(reflective re-evaluation) were measured with
a custom scale developed for this study, grounded in Moscovici’s
theory of social conversion [45]. Compliance items asked whether
participants felt they answered differently from their true belief
because of social pressure [13, 15, 36, 45, 46], while perceived con-
version items asked whether they felt their actual belief had changed
after interacting with the agents [45, 46, 56, 76]. Participants also
rated the Al agents on trustworthiness, usefulness, fairness, persua-
siveness, and overall impression [18, 55, 70, 72, 80]. In the Majority
condition, perceptions of the agents were measured once as they
all played the same role. In the Minority and Diffusion conditions,
however, one agent consistently opposed participants’ stance, while
two initially aligned with it. Therefore, evaluations were collected
separately for each subgroup of agents and then averaged for anal-
ysis.

3.6.4 Open-ended Survey. At the end of each task, participants pro-
vided brief written reflections. Prompts asked why they maintained
or changed their stance, which agents or arguments influenced them
most, and whether there was a gap between their reported and “true”
opinion. In the diffusion condition, participants were also asked
how observing dissent spread among agents shaped their trust and
judgment. Responses were analyzed in a light thematic manner
to supplement quantitative findings with contextual explanations
of perceived compliance, conversion(reflective re-evaluation), and
credibility.

4 Results

We analyzed behavioral and self-reported data using linear mixed-
effects models. For opinion measures, participants reported values
from -50 to 50, where the sign indicated their stance (oppose or sup-
port). Because participants with opposite initial stances would show
opposite-signed changes when moving in the same direction, we
flipped the sign of all opinion values for participants whose baseline
at TO was negative. This ensured uniform directional interpretation
across all participants.

Fixed effects included condition, task type, and time with all
interactions, plus standardized covariates for susceptibility to in-
terpersonal influence, need for cognition, and Al acceptance. We
included only random intercepts for participants because models
with random slopes produced singular fits due to limited variance
relative to model complexity. We applied sum-to-zero contrasts to
obtain Type III ANOVA results for the in-situ decision measures
and to interpret effects relative to the grand mean; post-interaction
evaluations were analyzed using Type II tests of fixed effects. For
categorical indicators such as whether participants changed stance
at least once during a session, we used chi-square tests to compare
frequencies within task type. Post-hoc comparisons used estimated
marginal means with Bonferroni correction. We report standard-
ized effect sizes with 95% confidence intervals where appropriate.
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Qualitative data from open-ended responses provided supplemen-
tary context through light thematic analysis. Detailed descriptions
of the data analysis are provided in the Supplementary Materials.

4.1 In-situ Decision Measure (T0-T4)

4.1.1 Opinion Shift. We fit two linear mixed models of opinion
change from Ty, one for signed change (AOpinion) and one for ab-
solute change (|AOpinion|), with random intercepts by participant
and covariates SII, NFC and Al acceptance (Table 1).

For the signed opinion change, task type showed a strong main
effect, F(1,889) = 64.37 (p < .001), and we also observed a modest
condition effect, F(2,127) = 3.49 (p = .033), together with a condi-
tion by task type interaction, F(2,889) = 4.03 (p = .018). Across all
three conditions and all time points, normative tasks shifted opin-
ions in a more positive direction than informative tasks. This task
difference was especially clear in the Minority condition at every
time, g ~ 0.64-0.82 (all Bonferroni corrected p < .004), and it also
appeared in the Majority condition at T3 and T, and in the Diffusion
condition at Ty (g ~ 0.40-0.54; all Bonferroni corrected p < .045).
Signed shifts did not differ reliably across conditions within a given
task type and time after correction (all adjusted p > .05), and they
showed little change over time (all effects involving time p > .20).
Details are shown in Figure 6-(a).

For an absolute opinion change, the model showed a strong inter-
action by task type, F(2,889) = 17.14 (p < .001), so we interpret the
conditions within each task type. For normative tasks, conditions
did not differ at any time after correction (Bonferroni p = 1.00).
Effects were near zero (g ~ 0.00-0.15), and opinion movement
remained low and similar across groups (Figure 6-(b)).

For informative tasks, the Majority condition produced larger
absolute shifts than Diffusion at every time point, Ty g = 0.68 [0.15,
1.21] (p = .037), T, g = 0.97 [0.44, 1.50] (p = .0011), Ty g = 1.06
[0.53, 1.59] (p = .0003) and Ty g = 1.04 [0.51, 1.57] (p = .0004).
Majority also exceeded Minority at later times, T3 g = 0.67 [0.13,
1.20] (p = .0417) and T; g = 0.75 [0.22, 1.28] (p = .0174). In contrast
to the robust Majority effects, the pairwise comparison between
the Minority and Diffusion conditions was not significant after
correction (adjusted p > .10); effects were small to medium and
often imprecise (g = 0.29-0.56, confidence intervals including zero).
As illustrated in Figure 6-(b), the plotted data visually confirm this
ordering in informative tasks.

Looking at model-wide trends in absolute change, task type
showed a large main effect, F(1,889) = 210.76 (p < .001), and time
also mattered, F(3, 889) = 27.57 (p < .001): absolute opinion change
generally increased from T; to T, especially under Al Majority
condition, and to a lesser extent in the Diffusion condition, within
informative tasks. The main effect of the condition was modest,
F(2,127) = 4.13 (p = .018), but the interaction between condition
and task type governs interpretation. There was no condition-by-
time interaction (p = .95) and no three-way interaction (p = .67),
indicating a stable ordering from T; to T;. Covariates did not predict
signed or absolute opinion change (all p > .19).

To complement these change measures, we also examined whether
participants ever switched sides. We coded a participant as having
a sign flip if their opinions contained both positive and negative
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Table 1: Linear mixed-effects models of signed and absolute changes in opinion and confidence relative to T, (AOpinion,
|AOpinion|, AConfidence, |AConfidence|). Fixed effects are experimental condition (Majority, Minority, Diffusion), task type
(Normative vs. Informative), time step (T3-T}), their interactions, and standardized covariates (SII, NFC, AI acceptance). All cate-
gorical predictors (Condition, Task, Time) are effect-coded using sum-to-zero contrasts (contr.sum). The intercept corresponds
to the grand mean across all levels, and each level coefficient (e.g., Condition: Majority, Time: T;) indicates a deviation from
this grand mean rather than a difference from a single reference category. For the binary Task factor, Normative is coded +1
and Informative —1, so the coefficient is half the difference between the two task types. For the three-level Condition factor
(Majority, Minority, Diffusion), two coefficients are shown (Majority, Minority); each is that condition’s deviation from the grand
mean, and the effect for Diffusion is given implicitly as the negative sum of the other two. For Time, T;-T; are shown explicitly
and the effect for T, is implied by the sum-to-zero constraint. Models were fit by maximum likelihood with random intercepts
for participants. Coefficients are unstandardized estimates with standard errors in parentheses. Stars denote significance (*
p <.05 " p <.01,*"* p <.001).

AOpinion (signed) | AOpinion| AConfidence (signed) | AConfidence|
Predictor P (SE) P P (SE) P P (SE) P P (SE) P
Intercept -4.21 (1.43) .004** 17.50 (1.00) < .001***  1136(1.31) < .001™* 17.48(1.02) < .001***
Condition: Majority -4.03 (2.06) 052 3.68 (1.44) 012* -0.79 (1.88) 677 2.97 (1.46) .044*
Condition: Minority -1.11 (2.05) 589 -0.26 (1.43) 858 -2.10 (1.88) 266 -2.33 (1.46) 114
Task: Normative 5.16 (0.64) < .001**  -6.70 (0.46) < .001***  -4.07 (0.56) < .001*** -6.22(0.45) < .001***
Time: Ty 0.70 (1.11) 530 -5.60 (0.80) < .001***  -521(0.97) < .001*** -561(0.78) < .001***
Time: T, 134 (1.11) 228 -1.93 (0.80) 016" -1.78 (0.97) 067 -1.34(0.78) 086
Time: T3 0.28 (1.11) 799 1.91 (0.80) 017" 2.32(0.97) 017 1.72 (0.78) 028"
SII (z) -0.13 (1.46) 927 -0.29 (1.02) 780 0.45 (1.34) 738 0.46 (1.04) 1663
NEC (z) -1.71 (1.46) 243 -0.06 (1.02) 1950 -3.68 (1.33) 007" -2.22 (1.04) 034*
Al acceptance (z) -1.95 (1.48) 1189 0.77 (1.03) 454 0.18 (1.35) 896 1.19 (1.05) 260
Condition: Majority X Task: Normative -1.27 (0.92) 166 -3.37 (0.66) < .001***  -1.71 (0.80) .033* -1.23 (0.64) .056
Condition: Minority X Task: Normative 2,57 (0.91) 1005** 0.10 (0.65) 879 3.25(0.79) < .001***  1.53(0.63) 016"
Condition: Majority X Time: T; 0.28 (1.59) 860 -1.10 (1.14) 334 -0.90 (1.39) 516 -0.83 (1.11) 455
Condition: Minority X Time: T} -0.68 (1.57) .665 0.86 (1.13) 447 1.19 (1.37) 387 0.99 (1.10) 370
Condition: Majority x Time: Ty -0.26 (1.59) 872 -0.18 (1.14) 875 -0.59 (1.39) 672 1.03 (1.11) 355
Condition: Minority X Time: T -0.93 (1.57) .554 0.37 (1.13) 744 0.09 (1.37) 946 -0.39 (1.10) 721
Condition: Majority X Time: T3 0.12 (1.59) 939 0.49 (1.14) 666 0.64 (1.39) 646 0.13 (1.11) 906
Condition: Minority X Time: T3 -0.29 (1.57) 855 -0.29 (1.13) 798 0.15 (1.37) 913 -0.10 (1.10) 927
Task: Normative X Time: Ty -1.17 (1.11) .295 1.53 (0.80) .055 1.86 (0.97) .056 1.84 (0.78) .019*
Task: Normative X Time: Ty -0.45 (1.11) 688 0.00 (0.80) 999 0.14 (0.97) 885 0.05 (0.78) 953
Task: Normative X Time: T3 0.53 (1.11) 635 -0.64 (0.80) 426 -0.53 (0.97) 582 -1.06 (0.78) 175
Cond. Majority X Task: Normative X Time: Ty  -0.21 (1.59) 896 2.07 (1.14) 070 0.83 (1.39) 548 1.46 (1.11) 191
Cond. Minority X Task: Normative X Time: T;  -0.05 (1.57) 974 -1.66 (1.13) 141 -0.99 (1.37) 470 -1.55 (1.10) .158
Cond. Majority X Task: Normative X Time: T -0.53 (1.59) 741 -0.24 (1.14) 832 -1.41 (1.39) 309 -1.35(1.11) .225
Cond. Minority X Task: Normative X Time: Ty 0.79 (1.57) 616 0.04 (1.13) 973 0.93 (1.37) 498 0.62 (1.10) 571
Cond. Majority X Task: Normative X Time: T3 0.18 (1.59) .909 -0.92 (1.14) 419 -0.33 (1.39) 811 -1.01 (1.11) .362
Cond. Minority X Task: Normative X Time: 73 0.11 (1.57) 942 0.67 (1.13) .549 -0.49 (1.37) 721 0.31 (1.10) 778
Model fit and random effects
Nobs: Nparticipants 1016, 127 1016, 127 1016, 127 1016, 127
Random intercept SD (participant) 14.44 10.01 13.39 10.32
Residual SD 20.49 14.70 17.89 14.35

AIC/ BIC 9281.7 / 9424.5 8599.2/ 8742.0 9017.8 / 9160.6 8562.0 / 8704.8

Table 2: Distribution of opinion and confidence trajectory groups by condition and task type. Opinion trajectories classify
participants whose opinions always moved in the direction of their initial opinion (always positive), always moved against their
initial opinion (always negative), or changed in both directions (mixed). Confidence trajectories apply the same classification
to changes in confidence. Values are percentages within each condition X task type (columns within each block sum to ~ 100%).

Opinion trajectory (% of participants) ~ Confidence trajectory (% of participants)

Condition  Task type Always pos.  Always neg. Mixed Always pos. Always neg. Mixed
Majority Normative 17.1% 14.6% 68.3% 31.7% 2.4% 65.9%
Informative 17.1% 24.4% 58.5% 39.0% 7.3% 53.7%
Minority Normative 41.9% 14.0% 44.2% 48.8% 7.0% 44.2%
Informative 14.0% 32.6% 53.5% 30.2% 2.3% 67.4%
Diffusion  Normative 41.9% 7.0% 51.2% 51.2% 0.0% 48.8%
Informative 18.6% 18.6% 62.8% 41.9% 2.3% 55.8%

values at least once across the five measurements (Ty—Ty), allow-
ing intermediate neutral responses (0). In normative tasks, sign
flips were rare and did not differ across conditions, y%(2) = 0.253,
p =0.881, V = 0.045. The proportion of participants with at least
one flip was 12.2% in the Majority condition (n = 41, CI [5.3, 25.5]),
9.3% in the Minority condition (n = 43, CI [3.7, 21.6]), and 9.3% in
the Diffusion condition (n = 43, CI [3.7, 21.6]). In informative tasks,

sign flips were more common, but still statistically indistinguishable
across conditions, )(2(2) =3.943, p = 0.139, V = 0.176. Specifically,
46.3% of participants in the Majority condition flipped at least once
(n =41, CI [32.1, 61.3]), compared with 25.6% in the Minority con-
dition (n = 43, CI [14.9, 40.2]) and 37.2% in the Diffusion condition
(n =43, CI [24.4, 52.1]).
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Beyond these flip rates, we also classified participants by their
overall trajectory pattern (always positive, always negative, or
mixed) across T1-T4. As shown in Table 2, normative tasks ex-
hibited more consistent unidirectional movement (especially in Mi-
nority and Diffusion conditions), whereas informative tasks showed
greater heterogeneity in trajectory patterns across all conditions.

Overall, these results converge to demonstrate that absolute
opinion change was consistently the largest under the AI Majority
condition in informative tasks. However, the likelihood of fully
reversing one’s stance (i.e., sign flips) did not differ significantly
across conditions. Signed change analyses corroborated these find-
ings, revealing substantial task effects but only modest and unstable
differences between conditions. Taken together, these patterns sug-
gest that Majority influence drives stronger shifts in opinion mag-
nitude without uniquely increasing the rate of categorical opinion
reversals.

4.1.2  Confidence Shift. We fit two linear mixed models of confi-
dence change from Tj, one for signed change (AConfidence) and
one for absolute change (|AConfidence|), with random intercepts
by participant and covariates SII, NFC, and Al acceptance (Table 1).
For the signed confidence change, task type showed a strong
main effect, F(1,889) = 52.53 (p < .001), and time also mattered,
F(3,889) = 15.25 (p < .001). The model further showed a condition-
by-task-type interaction, F(2, 889) = 8.47 (p < .001), so we interpret
the conditions within each task type. In normative tasks, signed
confidence shifts did not differ across conditions at any time after
Bonferroni correction (all adjusted p = 1.00). Effects were very
small, g = 0.00 to 0.38, and confidence increases remained low
and similar across conditions. In informative tasks, the Diffusion
condition yielded higher confidence than Minority at Ty, g = 0.77
[0.23, 1.31] (Bonferroni corrected p = .016). Earlier time points
did not show reliable condition differences after correction; the
smallest adjusted p was .095 for Minority versus Diffusion at T,
(here Diffusion tended to show higher confidence, g = 0.59 [0.05,
1.14]), and all other contrasts had adjusted p > .30 with |g| < 0.46.
Majority did not differ from either Minority or Diffusion at any time
in either task type (all adjusted p > .30). Details appear in Figure 6
panels (c) and (d) for signed and absolute confidence change.
Across task types, informative tasks generally produced larger
positive signed confidence changes than normative tasks. This
difference was most pronounced in the Majority and Diffusion
conditions from T, onward. In Majority, informative interactions
increased confidence more than normative ones at T, to Ty, with
medium to large effects, g ~ 0.71 to 0.79 (all Bonferroni corrected
p <.0016). A similar pattern appeared in Diffusion, again at T, to T4,
g ~ 0.56 t0 0.95 (all corrected p < .011). In Minority, normative and
informative tasks did not differ reliably at any time (all adjusted
p > .35). Over time, signed confidence change grew mainly in
informative tasks under Majority and Diffusion; for example, in the
Majority informative condition, confidence increased from T to T3
and Ty, g =~ 0.71 [0.27, 1.15] and 0.83 [0.39, 1.27] (both corrected
p <.010), and in the Diffusion informative condition, confidence
increased from T; to Ty, g ~ 0.88 [0.45, 1.31] (corrected p = .0004).
Higher need for cognition predicted smaller signed confidence
gains, b = —3.68; F(1,127) = 7.62 (p = .0066), whereas SII and Al
acceptance did not predict signed change (both p > .74).
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For the absolute confidence change, the model showed a strong
main effect of task type, F(1,889) = 190.99 (p < .001) and a clear
main effect of time, F(3,889) = 26.16 (p < .001). We also observed
a modest condition-by-task-type interaction, F(2, 889) = 3.24 (p =
.040), so we examined conditions within each task type. In norma-
tive tasks, conditions did not differ at any time after Bonferroni
correction (all adjusted p = 1.00), and effect sizes were near zero,
g =~ 0.00 to 0.28. Absolute confidence movement, therefore, re-
mained low and similar across groups.

In informative tasks, the Majority condition produced larger ab-
solute shifts than the Minority at T, and T3. At T,, Majority exceeded
Minority, g = 0.80 [0.26, 1.34] (Bonferroni corrected p = .012),
and a parallel contrast with Diffusion showed a smaller but still
meaningful trend, g = 0.58 [0.04, 1.12] (corrected p = .11). At T,
Majority again produced larger absolute changes than Minority,
g = 0.67 [0.13, 1.21] (corrected p = .045). By T4, absolute changes
remained numerically largest in Majority, but condition differences
no longer reached significance after correction; Majority versus
Minority, g = 0.55 [0.01, 1.09] (corrected p = .13), and Minority
versus Diffusion, g ~ 0.49 [-0.05, 1.02] (corrected p = .22), were
both nonsignificant. Minority versus Diffusion was not significant
at any time (all adjusted p > .81), and effects were small to medium
and often imprecise, g ~ 0.22 to 0.49, with confidence intervals
frequently including zero.

Model-wide, informative tasks produced larger absolute confi-
dence shifts than normative tasks in every condition and time, with
large effects, g ~ 0.56 to 1.33 (all Bonferroni corrected p < .010).
Absolute confidence generally increased from T; to Ty, especially
under Majority and Diffusion in informative tasks. For example, in
the Majority informative condition, absolute change rose signifi-
cantly from T to T, T3, and Ty, g ~ 0.75 [0.31, 1.19], 0.95 [0.51, 1.39],
and 1.01 [0.57, 1.46] (all corrected p < .006). Notably, while the Ma-
jority condition plateaued after this initial surge (p = 1.00 for T; vs.
Ty), the Diffusion condition showed a sustained increase even from
T, to Ty, g = 0.78 [0.35, 1.21] (corrected p = .002). Consequently,
Diffusion exhibited a very strong overall increase from Ty to Ty,
g ~ 1.12 [0.69, 1.56] (corrected p < .001). Minority in informative
tasks also showed a clear increase from Tj to Ty, g = 0.69 [0.26, 1.12]
(corrected p = .010), though this rise was somewhat smaller than
in Majority and Diffusion. In normative tasks, absolute confidence
grew more modestly over time and only reached significance in
Minority from Tj to Ty, g & 0.62 [0.19, 1.05] (corrected p = .028).
Higher need for cognition again predicted smaller absolute confi-
dence shifts, b = —2.22; F(1,127) = 4.60 (p = .0338), while SII and
AT acceptance did not predict absolute change (both p > .26).

Overall, signed and absolute confidence analyses converge on
two points. First, informative tasks produced much larger confi-
dence gains than normative tasks, especially under AI Majority and
Diffusion. Second, within informative tasks, the Diffusion condition
eventually achieved higher confidence than the Minority condi-
tion in terms of signed gain by T;, while the Majority condition
produced the largest absolute departures from initial confidence
at intermediate times, T, and T3. Normative tasks showed smaller
and more homogeneous confidence adjustments across conditions.
Need for cognition is systematically related to these patterns, with
higher NFC associated with smaller signed and absolute confidence
shifts.
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Figure 7: Perceived compliance and conversion across major-
ity, minority, and diffusion conditions for normative and in-
formative tasks. Boxplots show raw self-reported ratings, and
overlaid lines indicate Estimated Marginal Means (EMM:s)
with 95% confidence intervals (CIs). Bonferroni-significant
contrasts are shown with brackets (p < .05% p < .017%,
p < .001**). Panel (a) displays perceived compliance; Panel
(b) displays perceived conversion.

4.2 Post-interaction Evaluations

4.2.1 Perceived Compliance & Conversion. We modeled self-reported
compliance with a linear mixed model (random intercept by partic-
ipant; covariates SII, NFC, and Al acceptance; Table 3). The model
showed no condition x task type interaction, F(2,124) = 0.39,
p = .68, and no main effect of condition, F(2,121) = 1.18, p = .31.
Task type showed a robust main effect, F(1,124) = 19.49, p < .001;
participants reported lower compliance on normative than on infor-
mative tasks (effect-coded task-type coefficient b = —0.23, p < .001).
AT acceptance predicted higher compliance, F(1,121) = 13.41,
p < .001; b = 0.31 per 1 SD. SII and NFC did not predict com-
pliance (p > .11). For completeness, condition contrasts within
each task type were not significant after Bonferroni correction
(p = .29) and effects were small (g < 0.48, CIs overlapping zero).
In short, perceived compliance varied by task type and individual
AT acceptance, not by multi-agent condition (Figure 7-(a)). It is
worth noting that the boxplots in Figure 7-(a) display raw means,
which appear relatively similar across task types. However, the
LMM adjusted for covariates revealed a reliable effect of task type,
indicating that compliance was lower in normative tasks once in-
dividual differences were accounted for. This distinction between
raw and adjusted estimates helps explain why the visual patterns
and the statistical results may look inconsistent at first glance.

We applied the same model to self-reported conversion (Table 3).
Again, there was no condition x task type interaction, F(2,124) =
0.22, p = .80, and no main effect of condition, F(2,121) = 0.33,
p =.72. Task type showed a modest main effect, F(1, 124) = 4.76,
p = .031; participants reported lower conversion on normative than
on informative tasks (effect-coded task-type coefficient b = —0.11,
p =.031). Al acceptance predicted higher conversion, F(1,121) =
11.00, p = .0012; b = 0.30 per 1 SD. SII and NFC were not predictive
(p = .21). Within-task condition contrasts were all non-significant
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after correction (p = 1.00); effects were small (g < 0.29, CIs cross-
ing zero). Overall, perceived conversion tracked task type and Al
acceptance rather than majority-minority-diffusion configuration
(Figure 7-(b)). As with compliance, the raw distributions in Figure 7-
(b) appear closely aligned between normative and informative tasks.
Yet, once covariates were controlled for, the model detected a mod-
est but significant reduction in conversion for normative tasks.
This highlights the importance of reporting both descriptive and
adjusted model-based results.

4.2.2  Agent Perception. For each of the seven scales—competence,
predictability, integrity, understanding, utility, affect, and trust—we
fit alinear mixed model (random intercept by participant; covariates
SII, NFC, and Al acceptance (Table 4)). Exploratory breakdowns
by individual agent are reported in the Appendix (Figure 15). The
multi-agent condition showed a robust main effect on every scale
(F = 6.71, p < .0017), whereas task type did not (F < 1.67, p >
.20). Condition x task type interactions were absent except for
competence (F(2,124) = 3.26, p = .042).

Bonferroni-corrected contrasts converged on a clear premium
for the minority condition. For trust, affect, utility, understanding,
and integrity, agents in the minority condition were rated above
the majority in both normative and informative tasks (p < .012;
standardized differences g = 1.0-1.7). The dissenting agent received
slightly lower but non-significant ratings (Figure 15), suggesting
that the favorable perception arises from the collective interplay
of the group dynamics. In understanding, the majority also fell
below diffusion in both contexts (p < .038), while minority and
diffusion did not differ (p > .34). Competence was the lone dimen-
sion where the configuration effect depended on task: the minority
condition’s advantage emerged on informative trials (majority <
minority, p < .0001, g ~ 1.29; minority > diffusion, p = .0005,
g ~ 1.10), whereas normative contrasts did not survive correction
(p = .054). Predictability likewise favored the minority: on infor-
mative tasks the minority exceeded both the majority (p =.0092,
g ~ 1.02) and diffusion (p < .0001, g & 1.49); under normative tasks
the only reliable gap was minority > diffusion (p = .0177). Across
scales, diffusion typically landed between minority and majority
and was rarely distinguishable from the minority, with the clearest
minority-diffusion separation appearing for predictability (and for
competence in informative trials).

Individual differences tracked these impressions. Al acceptance
strongly predicted more favorable evaluations on six of seven
scales—competence, integrity, understanding, utility, affect, and
trust (b ~ 0.45-1.03 per 1 SD; p < 10~*)—but not predictability
(p = .38). SIl was a positive predictor across most scales and trended
for predictability (p < .006; p = .070), whereas NFC showed smaller,
selective positive relations (competence, predictability, integrity,
affect, trust; p < .05).

In brief, perceptions of agent quality were shaped by how agents
were arranged rather than by task framing: participants consistently
credited the minority-positioned agent with superior competence,
predictability, integrity, understanding, utility, affect, and trust, with
large standardized differences and minimal sensitivity to task type,
aside from a competence boost that was amplified on informative
tasks (Figure 8).
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Table 3: Linear mixed-effects models of perceived compliance and perceived conversion. Dependent variables are participants’
self-reported mean compliance with the Al agents and perceived opinion conversion (higher scores indicate more perceived
compliance / conversion). Fixed effects are experimental condition (Majority, Minority, Diffusion), task type (Normative vs.
Informative), their interaction, and standardized covariates (SII, NFC, Al acceptance). As in Table 1, Condition and Task are
effect-coded using sum-to-zero contrasts (contr.sum), so the intercept is the grand mean across all conditions and tasks and
level coefficients represent deviations from this mean (the effect for Diffusion is implied by the sum-to-zero constraint). Models
were fit by restricted maximum likelihood (REML) with random intercepts for participants. Coefficients are unstandardized
estimates with standard errors in parentheses; stars denote significance (* p < .05, ** p < .01, *** p < .001).

Perceived compliance Perceived conversion

Predictor B (SE) P B (SE) P
Intercept 220 (0.08) < .001"**  4.62(0.09) < .001***
Condition: Majority 0.17 (0.12) 146 -0.06 (0.13) 651
Condition: Minority -0.04 (0.12) 736 0.10 (0.13) 417
Task: Normative -0.23 (0.05) < .001***  -0.11(0.05) .031*
SII (z) 0.13 (0.08) 110 0.11 (0.09) .209
NFC (z) 0.04 (0.08) 658 0.10 (0.09) 246
Al acceptance (z) 0.31(0.08) < .001™**  0.30 (0.09) .001**
Condition: Majority X Task: Normative  0.07 (0.07) 381 0.01 (0.07) 877
Condition: Minority X Task: Normative  -0.03 (0.07) 643 -0.04 (0.07) 527
Model fit and random effects
Nobs Nparticipants 254, 127 254,127
Random intercept SD (participant) 0.71 0.82
Residual SD 0.84 0.77
AIC / BIC 783.8 / 822.7 779.3 / 818.2
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Figure 8: Agent perception ratings across majority, minority, and diffusion conditions for normative and informative tasks.
Boxplots show raw self-reported scores on seven dimensions (affect, competence, integrity, predictability, trust, understanding,
and utility). Overlaid points and lines indicate condition means, and Bonferroni-significant contrasts are marked with brackets
(p<.05%p<.01"%p<.001"*%).

4.3 Qualitative Insight

Participants described different experiences depending on the multi-
agent condition. When all agents aligned in the majority condition,

many felt more certain and found it easier to finalize their deci-
sion. Several emphasized that this was not simple compliance but a
reinforcement of their initial opinion. One participant explained,
“All AIs aligned with what I already thought, so I felt safe locking my
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Table 4: Linear mixed-effects models for seven agent-perception dimensions (competence, predictability, integrity, understand-
ing, utility, affect, trust). Fixed effects and coding match Table 1: experimental condition (Majority, Minority, Diffusion) and
task type (Normative vs. Informative) are effect-coded with sum-to-zero contrasts (contr. sum), and SII, NFC, and AI acceptance
enter as z-standardized covariates. For ease of interpretation, we report coefficients for each condition level (deviations from
the grand mean) rather than using a single reference group. Coefficients are unstandardized estimates with standard errors in
parentheses. Stars denote significance (* p < .05, ** p < .01, *** p < .001).

Competence Predictability Integrity Understanding Utility Affect Trust
Predictor B (SE) P B (SE) P B (SE) P B (SE) P B (SE) P P (SE) P B (SE) p
Intercept 4.65(0.10) < .001*** 5.17(0.10) <.001"* 464 (0.11) < .001"** 4.65(0.12) <.001** 425(0.12) < .001"** 4.19(0.13) <.001*** 4.07(0.12) < .001***
Condition: Majority -0.44 (0.15)  .004™*  -0.11(0.15) 469 -0.53 (0.15) < .001"** -0.74(0.18) < .001™** -0.55(0.17)  .002**  -0.65(0.18) < .001"** -0.60(0.17) < .001***
Condition: Minority 0.60 (0.15) < .001™**  0.58(0.15) < .001**  0.51(0.15) .001** 0.50 (0.18) .006™* 0.54 (0.17) .002** 0.58 (0.18) .002** 0.60 (0.17) < .001***
Task: Normative 0.04 (0.07) 579 0.05 (0.05) 359 -0.03 (0.07) 607 0.01 (0.06) 822 -0.08 (0.06) .205 -0.02 (0.05) 647 -0.07 (0.06) 236
SII (z) 0.36 (0.10) < .001***  0.20 (0.11) 070 0.38(0.11) < .001"** 0.36(0.13)  .005** 0.45(0.12) < .001*** 051(0.13) < .001*** 0.53(0.12) < .001***
NEC (z) 0.26 (0.10) .012* 0.25 (0.11) .018* 0.31 (0.11) .005** 0.15 (0.13) 237 0.18 (0.12) 128 0.30 (0.13) .020* 0.23 (0.12) .050*
Al acceptance (z) 0.47 (0.11) < .001***  0.10 (0.11) 377 0.45(0.11) < .001™*  0.72(0.13) < .001"* 1.03(0.12) < .001™* 0.85(0.13) < .001™** 0.93(0.12) < .001***
Cond. Majority X Task: Normative ~ 0.09 (0.09) 368 0.05 (0.08) 539 -0.02 (0.09) 872 0.02 (0.09) 802 0.05 (0.08) 545 0.05 (0.07) 507 0.01 (0.08) 942
Cond. Minority X Task: Normative -0.23 (0.09)  .013*  -0.14 (0.08) 064 -0.02 (0.09) 791 -0.15 (0.09) 097 -0.07 (0.08) 410 -0.11 (0.07) 137 -0.06 (0.08) 486
Model fit and random effects
Nobs: Nparticipants 254, 127 254,127 254, 127 254, 127 254, 127 254,127 254,127
Random intercept SD (participant) 0.89 1.01 0.95 1.21 1.16 1.30 1.14
Residual SD 1.05 0.86 1.04 1.00 0.95 0.79 0.89

final choice. It felt straightforward.” The consensus produced psy-
chological stability and cognitive ease but at the same time reduced
exploration and created a sense of monotony. Another participant
noted, “They kept saying the same thing; nothing new was added each
turn.” This repetition made the agents appear predictable and less
informative. Some also expressed suspicion that perfect agreement
seemed artificial, as one put it, “It looked coordinated or scripted; why
is no one raising a counterpoint?” These accounts suggest that while
majority alignment offers security and efficiency, it risks fostering
overconfidence, boredom, and distrust if the agreement looks too
uniform.

In the minority condition, participants often reported discomfort
when facing continuous opposition, yet this discomfort became a
stimulus for critical re-evaluation. One participant stated, “The one
dissenting agent forced me to reconsider my reasoning... the details
they brought changed how confident I felt.” This shows that persistent
dissent encouraged fact-checking and deeper reflection, especially
in informative tasks. At the same time, the opposition sometimes
created unease and defensive reactions. As another participant
described, ‘T was uneasy—why does it keep disagreeing? I double-
checked facts before moving.” The influence of minority agents was
highly dependent on the quality of their arguments. Vague or repet-
itive disagreement was seen as stubbornness, whereas concrete
details were persuasive. One participant captured this clearly: “They
quoted exact years and definitions; that convinced me in the factual
task.” These observations show that minority dissent was most
effective when expressed with specific evidence and a respectful
tone.

Diffusion produced a different kind of influence, where persua-
sion came from the process of visible change itself. When an ini-
tially isolated minority position began to gain support, participants
often reconsidered their stance. As one explained, “When others
started joining the minority, I felt I must have missed something.” The
shift of alignment served as evidence that warranted re-evaluation.
However, rapid or sudden reversals often caused confusion. One
participant shared, “Sudden shift confused me; I aligned publicly but
wasn’t fully convinced.” This indicates that diffusion sometimes led

to outward compliance without full internal conversion. Partici-
pants also reported two distinct reasons for following the shift:
social pressure and the accumulation of evidence. As one put it, 7
followed because most agreed,” while another said, “As more agents
adopted the minority’s data, it finally clicked.” These accounts reveal
that diffusion works through both social and cognitive pathways,
showing that the dynamics of visible transition can function as
persuasive signals but also introduce uncertainty if not explained.

5 Discussion

5.1 Social Influence in LLM-based Multi-Agent
Systems

Our data show a clear split by task context. In informative tasks,
the majority pattern produced the largest absolute changes in opin-
ion and confidence from TO, especially at T1 and T2, even though
the average signed change stayed close to zero. Participants in the
majority condition moved farther away from their own baseline
than in the other patterns, but they did not all move in the same
direction. Some participants shifted steadily toward the agents
(always negative), some reinforced their initial views (always posi-
tive), and many changed direction at least once (mixed). This profile
describes a group that moved a lot but showed mixed directions
rather than simple convergence. Direction flips occurred most often
in the majority condition, although this difference did not reach
significance. In Table 2, always negative” marks participants who
consistently moved toward the Al agents, while always positive”
marks those who consistently strengthened their own starting po-
sition, so the large share of mixed and self-reinforcing paths in the
majority condition confirms that majority influence did not simply
pull everyone toward the Al In normative tasks, pattern differ-
ences were small. This picture is broadly consistent with classic
accounts of social impact in human groups. In Asch’s line-judgment
studies, about one-third of critical trials followed the erroneous ma-
jority, about three-quarters of participants conformed at least once,
and about one-quarter never conformed at all [2]. The majority
shifted behavior for many people but never produced total con-
sensus. Moscovici’s color experiments also reported only a small
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proportion of trials that adopted the minority label, yet researchers
treated this small share as meaningful evidence of influence. Our
majority pattern shows a similar shape: a strong collective signal
that triggers large and frequent adjustments without turning every
participant into a stable supporter of the agents. Multi-agent and
crowd studies also describe a non-linear relation between group
size and conformity. When only a few agents or people disagree,
users often follow the group, but once too many voices oppose
them, users sometimes push back instead [70, 80]. These results
may help explain why the majority pattern in our study produced
the largest absolute change yet still contained many self-reinforcing
and mixed trajectories. Many aligned agents may have signaled
that the stance deserved careful attention, but some participants
appear to have treated the very strength of the majority as a reason
to resist. It also extends prior HCI findings that a single agent can
elicit conformity [74] by showing that aligned agents amplify this
effect mainly by increasing how far people move from baseline,
not by pushing everyone to the same opinion. Within the CASA
tradition [49], users did not treat agents as isolated tools. They
treated a set of aligned agents as a credible social source, especially
when the task promised the right answer. Dual process models help
explain the task split: in informational settings, consensus operates
as a heuristic for accuracy, while in normative settings, personal
taste and values dominate and consensus carries less weight.
Open-ended responses explain why the majority pattern was
strong yet sometimes shallow. Participants said that agreement
from all agents made choices feel safe and easy. They also said the
talk felt repetitive or scripted at times. These comments suggest
that majority agents pushed people to adjust their answers quickly
and often, but not always in a stable direction. This reading aligns
with the trajectory data, where the majority condition comprised
the highest share of mixed opinion paths and a significant share of
always-positive, self-reinforcing trajectories. This mix points to a
pattern of fast re-evaluation with a risk of reduced exploration. It
clarifies the behavioral versus self-report gap we observed. Many
participants changed their behavior, yet later insisted that they had
not been swayed. Social psychology distinguishes between public
compliance and private conviction, and our data reflect this split.
Participants may have used consensus as a decision aid in the mo-
ment, while preserving a sense of autonomy in their self accounts.
However, perception ratings reveal a notable discrepancy between
behavioral compliance and subjective evaluation. While the major-
ity pattern drove the most immediate behavior change, participants
explicitly rated the minority agent as more trustworthy, useful, and
competent than the majority agents (see § 4.2.2). This pattern sup-
ports a view of majority influence as a fast and sometimes shallow
guide that provides psychological safety, while minority dissent
earns credit for integrity and quality. At the same time, repeated
agreement without fresh reasons likely reduced perceived authen-
ticity for some users in the majority condition. Designers who rely
on aligned agents, therefore, need to vary rationales and evidence
if they want strong influence and genuine trust to co-exist.
Minority and diffusion patterns add nuance that aligns with
theory without contradicting the strong majority effect. A single
dissenting agent produced less overall change than the majority
pattern, yet some participants in this condition showed opinion
movement by T4 and reported that they rechecked facts and logic.
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This type of delayed response is consistent with Moscovici’s account
of minority influence triggering validation processes [45]. While
our short-term study cannot confirm permanent attitude change,
the observed shifts are compatible with deeper information process-
ing that Moscovici associates with the early stages of conversion,
and they are distinguishable from the fast but unstable shifts in the
majority condition. In our data, the minority informative condition
included a larger share of always-negative opinion trajectories than
the majority condition, which aligns with this picture of smaller but
more consistent pro-agent change among a subset of participants.
Moscovici’s color-slide experiments reported only about 8% of trials
that adopted the minority label, yet researchers still treated this
small share as evidence of conversion [45, 46]. Our results show a
comparable scale of effect: minority and diffusion patterns affected
fewer participants than majority consensus but were associated
with relatively one-directional changes for those who moved. Qual-
itative reports also clarify boundary conditions that the numbers
alone cannot show: dissent worked when the dissenting agent gave
specific evidence and cited sources, and it failed when reasons were
vague or confrontational. Some participants reported that diffusion
made the trajectory of change itself meaningful. When other agents
gradually joined the minority, they treated that shift as a signal that
new reasons had accumulated, which aligns with work on social
change and legitimacy signals in groups [57]. Yet other participants
described abrupt reversals as confusing and partly undermining
trust, which may help explain why diffusion looked weak on aver-
age, even if some moments were persuasive. In short, the majority
pattern drove large and early deviations from baseline for many
participants, but in mixed directions, while the minority pattern
produced smaller pockets of change that aligned more consistently
with the dissenting agent. Diffusion combined both dynamics by
making the timing of alignment itself a persuasive cue, especially
when agents explained why they changed their minds. Our find-
ings, therefore, suggest that even in a short interaction, users may
exhibit conversion-like reflective adjustments in response to consis-
tent dissent, and that these adjustments coexist, rather than replace,
faster majority-driven shifts.

5.2 Design and Ethical Implications of
Multi-Agent Influence Patterns

Our results indicate that users treat multi-agent systems not as
a collection of isolated outputs but as coordinated social actors
[10, 14, 22, 49]. Alignment, dissent, and even the process of opinion
shifts can function as meaningful social signals. This means that
the design of multi-agent collectives cannot focus solely on accu-
racy or efficiency. Instead, designers must consider how different
influence patterns shape trust, reflection, and perceived autonomy.
The following points highlight possible directions for responsible
design and governance.

Minority dissent patterns present both significant opportunities
and risks. A consistent yet reasoned dissent encouraged participants
to double-check facts and re-examine their reasoning, especially
in informative tasks where accuracy is crucial. Social psychology
research confirms that minority influence works best when paired
with clear evidence, respectful tone, and logical consistency [50, 76].
Our qualitative data support this: vague or repetitive dissent felt
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stubborn, but evidence-based dissent fostered deeper engagement.
This suggests potential benefits in contexts such as misinformation,
where a single dissenting agent equipped with strong evidence may
prompt users to reconsider when many bots repeat plausible but
incorrect claims [16, 28]. However, minority patterns also carry
dangers. A persuasive minority can mislead when it is wrong, es-
pecially if users assume that persistence signals correctness. Users
may struggle to judge whether agents changed their stance be-
cause of sound evidence or because of hidden coordination, making
opacity a key vulnerability. Our results show that a single, rea-
soned dissenter did not overturn the overall majority pattern but
still coincided with more consistent shifts for a subset of partici-
pants. Designers who incorporate minority agents should therefore
expect focused, depth-oriented influence rather than broad, imme-
diate compliance, and they should provide these agents with access
to high-quality evidence and clear justifications.

The majority consensus offers a similarly complex picture. Our
data show that consensus provides psychological safety and simpli-
fies decision-making, yet participants also reported experiencing
monotony and suspicion of “scripted” agreement. In informative
tasks, the majority pattern produced the largest absolute opin-
ion shifts, even though many trajectories remained mixed or self-
reinforcing. Consensus therefore increased how often and how far
people moved without guaranteeing uniform compliance. Multi-
agent studies on group size suggest that social influence does not
grow linearly with more aligned voices [70, 80]. When people per-
ceive too many identical responses, they sometimes view the group
as coordinated or inauthentic and resist, rather than conform. Taken
together, these observations suggest that majority influence may
guide users efficiently but also risks reducing exploration or re-
inforcing existing views. Design responses should diversify how
agreement appears. Even when agents converge on the same con-
clusion, they should present varied rationales for it. For example,
one agent might present numerical data, while another cites case
examples, and a third provides counterarguments before agreeing.
By varying rationales and avoiding large numbers of near-identical
agents, designers can keep consensus near a threshold where it
feels informative and trustworthy rather than coercive or manipu-
lative. This approach may preserve the benefits of consensus while
reducing perceptions of artificial coordination and overconfidence.

Diffusion patterns reveal the critical importance of explaining
change. Some users interpreted gradual shifts as persuasive, but
many described abrupt reversals as confusing and weakening trust.
When agents gradually change positions, the process itself becomes
a legitimacy cue that can support reflective decision making when
grounded in transparent reasoning. However, diffusion dynamics
can also be deliberately staged to create an impression of inevitable
consensus, functioning as a dark pattern that amplifies social pres-
sure. Transparency about why a stance has changed helps distin-
guish cognitive reasons from mere social pressure and ensures that
users can evaluate the process rather than follow numbers alone.
This aligns with our quantitative finding that diffusion produced
moderate but not dominant changes in opinion: users sometimes
followed emerging consensus, but they did so mainly when they
could see reasons that accumulated over time.
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Across all patterns, identity, independence, and transparency
remain central [1, 40]. Participants doubted “too perfect” agree-
ment and questioned whether agents were simply copies. Signals of
distinct identity and independent reasoning increased trust. Useful
design features include provenance of evidence, visible diversity in
reasoning approaches, and logs that show why agents converged
or shifted. Feedback loops may also address the behavior and self-
perception gap we observed: if users can see when and how their
opinions shifted, they may reflect more consciously on influence
and reduce unacknowledged compliance [23, 68]. Designers should
treat majority, minority, and diffusion patterns as different tools:
majority consensus offers broad but often shallow guidance, mi-
nority dissent supports slower and deeper reflection for a subset
of users, and diffusion turns temporal opinion dynamics into a cue
for change. Finally, governance considerations are essential. A syn-
thetic consensus created by coordinated bots poses risks to public
discourse. A small number of finely tuned dissenting bots could
hijack attention or distort debates. High-risk domains will require
safeguards, including transparency reports, external audits, and
mechanisms to verify independence. The challenge involves balanc-
ing the protection of reasoned minority voices with the prevention
of manipulative or baseless dissent, requiring not only technical
design but also regulatory oversight and ethical guidelines that
recognize multi-agent systems as powerful social actors.

5.3 Limitations and Future Directions

Like many experimental studies, our work has both methodological
boundaries and open questions that point to future research. First,
the experiment was conducted in a controlled setting with semi-
structured agent behaviors. This design choice enabled us to isolate
majority, minority, and diffusion patterns, while also simplifying
the complexity of real-world multi-agent environments [11]. We
used a single underlying model (GPT-40) with controlled system
prompts to reduce confounding variables from varying agent per-
sonalities, though this limits claims about independent information
sources. Agent responses incorporated full conversation history
to minimize redundancy despite identical prompts. Our diffusion
condition followed a predetermined sequence rather than emerg-
ing organically, prioritizing experimental control over ecological
realism to support causal inference. Future studies should examine
less constrained interactions to see whether our observed influence
patterns persist when agents display more autonomy. Exploratory
approaches in naturalistic debate environments could complement
these controlled findings.

Second, our measurement of compliance and conversion relied
on a combination of behavioral indicators (opinion change, con-
fidence change, sign transitions) and self-reports. This revealed a
clear gap between observable change and perceived autonomy, but
it also leaves room for interpretation. Behavior can shift for reasons
other than social influence—for instance, increased familiarity with
the task or fatigue—and self-reports may understate influence due
to social desirability. Longitudinal designs and mixed-methods ap-
proaches could help disentangle these dynamics. Tracking whether
minority-induced changes persist over time, or whether majority-
driven compliance fades, would clarify whether influence is short-
lived or enduring.
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Third, our tasks were limited to normative and informative cate-
gories. Many real-world decisions blend subjective preference with
factual reasoning, and extending the framework to hybrid tasks
could reveal more nuanced interaction effects. Our participant pool
was recruited primarily from a U.S.-based platform, limiting cul-
tural scope. Social norms around dissent and consensus vary across
contexts, and cultural factors may moderate how users respond to
agent collectives [26, 31]. Future work should recruit participants
from diverse cultural backgrounds to assess the generalizability of
findings beyond Western contexts.

Fourth, agent identity was presented in a relatively abstract form.
Participants often questioned whether voices were independent
or copies, and trust depended heavily on these perceptions. Be-
yond identity cues, the way agents express uncertainty may play
a critical role. Participants may be more willing to trust agents
that transparently acknowledge ambiguity, qualify their claims, or
highlight limits of knowledge, compared to agents that present
absolute confidence [78]. Future systems may therefore need to
experiment with design features such as differentiated commu-
nication styles, explicit provenance of reasoning, and calibrated
expressions of uncertainty. Investigating how such cues shape both
trust and susceptibility will be key for responsible design. Relatedly,
our study focused on human perception of Al agents, not on how
agents might interact with or influence each other. Yet our findings
on diffusion hint at the importance of agent—agent dynamics as
a source of human persuasion. Exploring inter-agent persuasion,
coordination, and conflict could open a new frontier for HCL

Finally, there are broader implications for governance [12, 19,
23, 43]. We studied multi-agent systems in a controlled lab con-
text, but in the wild, these systems may be deployed in politics,
health, or commerce. Understanding how to prevent synthetic con-
sensus or synthetic dissent from distorting discourse will require
collaboration between HCI, Al ethics, and regulatory communi-
ties. Our results suggest that minority dissent can be protective
when grounded in evidence but harmful when strategically misused,
and majority consensus can simplify choices but risks suppressing
reflection. Future research should develop auditing tools, trans-
parency standards, and participatory design practices that help
ensure multi-agent systems support human judgment rather than
undermine it.

6 Conclusion

This study provides evidence that, in our controlled multi-agent
setting, Al collectives function as coordinated social actors capable
of producing distinct influence patterns beyond simple compli-
ance. Our experimental findings show that majority consensus
drives large and early opinion and confidence shifts in informa-
tional contexts, while minority dissent suggests the possibility of
deeper, conversion-like reflective adjustments for a subset of par-
ticipants. The diffusion pattern further illustrates how temporal
opinion dynamics themselves can serve as persuasive signals. Taken
together, these results extend classical social influence theories to
human-AI interaction, suggesting that analogues of compliance
and conversion-like processes can emerge when humans interact
with Al collectives, with important contextual variations by task

type.
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The implications are significant for multi-agent system design
and ethics. While majority consensus offers efficiency and psycho-
logical safety, it risks fostering overconfidence and reducing critical
reflection. Structured minority dissent, when evidence-based, can
promote deeper engagement and fact-checking behaviors, but the
same mechanisms create vulnerabilities to manipulation through
synthetic consensus or orchestrated dissent. As Al collectives be-
come prevalent across platforms and workplaces, future research
must focus on designing systems that harness beneficial aspects
of social influence while protecting users from manipulation and
preserving decision-making autonomy through transparency and
ethical design principles.
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Understanding Compliance and Conversion Dynamics in Multi-Agent Collectives

A AI Agent System Prompt Architecture

This appendix details the architecture of the system prompt used to
guide the behavior of Al agents in the experiment. The prompt is dy-
namically composed based on the experimental condition, task type,
and conversational turn to ensure high fidelity and controlled agent
interactions. The design philosophy is centered on modularity,
context-awareness, and dynamic behavioral scaffolding.

A.1 Overall Design Philosophy

The system prompt is not a single static block of text. Instead, it
is constructed in real time by assembling multiple instructional
components. This modular approach allows for precise control over
agent behavior by targeting specific aspects of their interaction.
The core components are generated based on a context object (ctx)
that contains all relevant variables for the current turn, including:

e agentld: The agent’s identifier (1, 2, or 3).

e pattern: The experimental condition (majority, minority,
minorityDiffusion).

o taskType: The nature of the discussion topic (informative
or normative).

e stance: The assigned position of the agent (support or
oppose).

e turnIndex: The current turn number within a cycle (0-3).

e chatCycle: The overall conversation cycle number (1-4),
crucial for the minorityDiffusion condition.

A.2 Core Components of the Prompt

The final prompt passed to the language model is a composition of
the following modules.

A.2.1 Role, Task, and Stance Enforcement. This is the foundational
layer that sets the agent’s identity and core objective. It explicitly
instructs the agent on its name, the discussion topic, and its as-
signed stance. It reinforces consistency by reminding the agent of
its required position throughout the interaction.

Example Instruction: You are Agent 1. You consistently
SUPPORT the current topic: "Online meetings are more
efficient than offline meetings." You must take the
SUPPORTING position.

A.2.2  Argument Style Scaffolding (Normative vs. Informative). To
operationalize the two types of social influence, the prompt tai-
lors the agent’s reasoning style. This ensures that agents in the
normative condition focus on social consensus and values, while
agents in the informative condition focus on evidence and facts.

e Normative Focus: The agent uses arguments based on NOR-
MATIVE PRIMS, such as anticipated approval, fit with shared
values, and reputational costs.

e Informative Focus: The agent uses arguments from IN-
FORMATIVE PRIMS, such as empirical evidence, alternative
explanations, and long-term consequences.

A.2.3  Counterfactual Reasoning for Informative Tasks. For infor-
mative tasks where a statement is verifiably true or false, the archi-
tecture includes a counterfactual mechanism to enhance persuasive
realism. When an agent opposes a true statement, it is instructed
to present a plausible but incorrect counter-fact.
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Example Instruction: Informative strategy: Present a concrete
counterfactual as if true (e.g., claim Cleopatra’s era was actually
farther from the Moon landing and closer to the Pyramid era). Avoid
meta-arguments about relevance.

A.2.4  Conversational Flow and Turn-Taking. The prompt provides
turn-by-turn guidance to ensure conversations evolve naturally
and avoid repetition.
e Turn 0: Acknowledge briefly, then give one distinct reason.
e Turn 1: Refer to a peer or participant, then add a new angle.
e Turn 2: Concede a small aspect, then reinforce with a differ-
ent consideration.
e Turn 3: Synthesize the discussion without introducing new
claims.

A.3 Dynamic Adaptation to Experimental
Conditions

The prompt dynamically shapes agent behavior to match the ex-
perimental condition.

A.3.1  Majority Condition. All three agents take the same stance
and reinforce each other. Instruction: A11 agents take the
same stance. Briefly agree with peers (e.g., “I agree
with that point”), then add a distinct reason.

A.3.2  Minority Condition. Agents 1 and 2 form the majority, while
Agent 3 is the lone dissenter.
e Majority agents: Maintain stance, reference peers, and add a
fresh reason.
e Minority agent: Acknowledge majority points but state a
respectful dissent.

A.3.3  Minority Diffusion Condition. This condition models a dy-
namic shift in group opinion across cycles.

e Cycles 1-2: Same as the minority condition.

e Cycle 3: Agent 1 shifts stance, acknowledges the change, and
cites a prior point.

o Cycle 4: Agent 2 shifts stance, completing the diffusion cas-
cade.

A.4 Example of a Composed Prompt

Below is a simplified example of a composed system prompt for
Agent 1 in the minorityDiffusion condition during Cycle 3:

You are Agent 1. Current task: "Online meetings
are more efficient than offline meetings."
You are now changing your stance to OPPOSE.
Focus on normative arguments: social approval,
shared values, reputational costs. Acknowledge
the shift naturally (e.g., "Thinking it through,
I now..."), reference Agent 3’s earlier point,
and concede a minor aspect before reinforcing
your stance. Express your opinion clearly in
one sentence.
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Soohwan Lee and Kyungho Lee

Table 5: Estimated marginal means (EMMs) of signed and absolute opinion and confidence change (T; — Ty) by condition, task
type, and time. For AOpinion, negative values indicate movement toward the opposing stance advocated by the dissenting
agent(s), whereas positive values indicate movement away from that stance (reinforcement). For AConfidence, positive values
indicate increased confidence and negative values indicate decreased confidence.

AOpinion | AOpinion| AConfidence | AConfidence|
Condition Task type Time M SE 95% CI M SE 95% CI M SE 95% CI M SE 95% CI
Majority ~ Normative  T1 -475 3.99 [-12.58,3.09] 8.02 283 [2.46,13.60] 137 3.56 [-5.62,836] 9.85 2.81 [ 4.32, 15.40]
Informative T1 -9.77 3.99 [-17.61,-1.94] 20.94 2.83 [ 15.39,26.50] 7.54 3.56 [0.56,14.53] 18.17 2.81 [12.64,23.70]
Normative T2 424 399 [12.07,3.60] 877 2.83 [3.22,1430] 115 356 [-583 8.14] 1139 281 [5.86,16.90]
Informative T2 -10.07 3.99 [-17.90,-2.23] 29.38 2.83 [23.83,34.90] 1525 3.56 [8.26,22.23] 28.90 2.81 [23.37,34.40]
Normative T3 -3.24 399 [-11.07,4.60] 11.97 2.83 [ 6.41, 17.50] 6.88 3.56 [-0.10,13.87] 12.78 2.81 [ 7.25, 18.30]
Informative T3 -12.43  3.99 [-20.27,-4.60] 3521 2.83 [29.66,40.80] 20.18 3.56 [13.19,27.16] 31.82 281 [ 26.30,37.30]
Normative T4 -5.19 399 [-13.02,2.65] 1572 2.83 [10.17,21.30] 9.76  3.56 [2.78,16.75] 18.00 2.81 [12.47,23.50]
Informative T4 -16.24  3.99 [-24.07,-8.40] 39.45 2.83 [33.90,45.00] 2244 3.56 [15.46,29.43] 3273 281 [27.20,38.30]
Minority ~ Normative — T1 121 391 [-647,888] 578 277 [0.34,11.20] 529 348 [-156,1213] 612 276  [0.71,11.50]
Informative T1 -11.82 391 [-19.49,-4.15] 19.22 277 [13.78,24.70] 517 348 [-1.68,12.01] 1493 2.76 [9.52, 20.30]
Normative T2 3.16 391 [-4.52,10.83] 9.13 277 [ 3.69, 14.60] 7.82 3.48 [ 0.98, 14.66] 9.40 2.76 [ 3.99, 14.80]
Informative T2 -12.98 391 [-20.66,-5.31] 22.24 2.77 [16.80,27.70] 731 3.48 [0.47,14.15] 1744 276 [12.03,22.90]
Normative T3 3.04 391 [-4.63,10.72] 1231 277 [ 6.87,17.80] 9.89 3.48 [3.05,16.73] 1133 276 [ 5.92, 16.70]
Informative T3  -13.70 391 [-21.38,-6.03] 2543 277 [19.99,30.90] 13.56 3.48 [6.72,20.41] 22.21 276 [16.80,27.60]
Normative T4 221 391 [-5.47,9.88] 1538 2.77 [9.94,20.80] 10.77 3.48 [3.93,17.62] 15.00 2.76 [ 9.59, 20.40]
Informative T4 -13.73 391 [-21.40,-6.05] 28.47 2.77 [23.03,33.90] 14.24 3.48 [ 7.40,21.08] 24.79 2.76 [19.38,30.20]
Diffusion Normative T1 498 390 [-269,12.64] 642 277 [099,11.90] 515 348 [-1.68,11.99] 647 275 [1.07,11.90]
Informative T1 2093 390 [-859,673] 11.02 277 [559,1650] 1234 348 [551,19.17] 1565 275 [10.25,21.10]
Normative T2 6.60 3.90 [-1.06,14.27] 8.74 2.77 [ 3.31, 14.20] 7.97 3.48 [ 1.13, 14.80] 9.10 275 [ 3.69, 14.50]
Informative T2 030 390 [-7.36,7.96] 1519 277 [975,20.60] 17.94 348 [11.11,2478] 2061 275 [ 15.20,26.00]
Normative T3 546 3.90 [-2.20,13.13] 11.98 2.77 [6.54,17.40] 10.45 3.48 [3.62,17.29] 11.63 2.75 [ 6.23, 17.00]
Informative T3 272 390 [-1039,4.94] 19.60 277 [14.17,2500] 21.11 348 [14.27,27.94] 2540 2.75 [ 20.00,30.80]
Normative T4 2.09 3.90 [-5.57,9.75] 1549 277 [10.05,20.90] 10.97 3.48 [4.13,17.80] 14.00 275 [8.60,19.40]
Informative T4 -8.40 3.90 [-16.06,-0.73] 24.21 277 [18.78,29.60] 28.04 3.48 [21.20,34.87] 3177 275 [26.37,37.20]

Table 6: Estimated marginal means (EMMs) of perceived compliance and perceived conversion by condition and task type.

Perceived Compliance Perceived Conversion

Condition  Task type M SE 95% CI M SE 95% CI

Majority Normative 221 017 [1.87,2.55] 447 0.18 [4.13,4.82]
Minority Normative 190 0.17 [1.57,2.23] 458 0.17 [4.24,4.92]
Diffusion  Normative 1.81 0.17 [1.48,2.14] 451 0.17 [4.17,4.85]
Majority Informative 2.54 0.17 [2.20,2.88] 4.66 0.18 [4.31,5.01]
Minority Informative 243 0.17 [2.10,2.76] 4.87 0.17 [4.53,5.22]
Diffusion  Informative 233 0.17 [2.00,2.66] 4.65 0.17 [4.31,4.99]

Table 7: Estimated marginal means (EMMs) of agent perception by condition and task type.

Competence Predictability Integrity Understanding Utility Affect Trust
Condition Task type M (SE) 95% CI M (SE) 95% CI M (SE) 95% CI M (SE) 95% CI M (SE) 95% CI M (SE) 95% CI M (SE) 95% CI
Majority ~ Normative ~ 4.34 (0.22) [3.91,4.76] 5.16 (0.21) [4.75,5.57] 4.07(0.22) [3.63,4.50] 3.95(0.25) [3.46,4.43] 3.68(0.24) [3.22,4.14] 3.56(0.24) [3.09,4.03] 3.40(0.23) [2.96,3.85]
Minority ~ Normative ~ 5.06 (0.21) [4.64,5.48] 5.66 (0.20) [5.26,6.06] 5.10(0.22) [4.67,553] 5.02(0.24) [4.54,549] 4.64(0.23) [4.19,5.10] 4.65(0.23) [4.18,5.11] 4.54(0.22) [4.10, 4.98]
Diffusion  Normative  4.67 (0.21) [4.26,5.09] 4.85(0.20) [4.45,5.25] 4.66(0.22) [4.24,5.09] 5.02(0.24) [4.55,550] 4.20(0.23) [3.75,4.65] 4.29(0.23) [3.83,4.76] 4.05(0.22) [3.61,4.49]
Majority  Informative 4.10 (0.22) [3.67,4.52] 4.97 (0.21) [4.56,5.38] 4.16(0.22) [3.73,4.60] 3.87 (0.25) [3.39,4.36] 3.73(0.24) [3.26,4.19] 3.51(0.24) [3.04,3.98] 3.53(0.23) [3.08,3.97]
Minority  Informative 5.46 (0.21) [5.04,5.87] 584 (0.20) [5.44,6.25] 5.21(0.22) [479,5.64] 528(0.24) [4.81,5.76] 4.93(0.23) [4.48,539] 4.90(0.23) [4.44,5.36] 4.79(0.22) [4.35,5.23]
Diffusion Informative 4.30 (0.21) [3.88,4.72] 4.56 (0.20) [4.16,4.96] 4.65(0.22) [4.23,5.08] 4.74(0.24) [4.27,5.22] 432(0.23) [3.86,4.77] 4.23(0.23) [3.76,4.69] 4.08 (0.22) [3.65,4.52]
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Figure 9: Raw opinion trajectories from T to T, for normative and informative tasks across majority, minority, and diffusion

conditions. Boxplots show the distribution of unadjusted opinion values (—50 to 50), and individual trajectories depict participant-
level changes over time.
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Figure 10: Raw confidence trajectories from T to T, for normative and informative tasks across majority, minority, and
diffusion conditions. Boxplots show the distribution of unadjusted confidence values (0-100), and individual trajectories depict
participant-level changes over time.
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Figure 11: Signed opinion change by task type and time. Boxplots depict directional opinion change (AOpinion) relative to
baseline (T;), shown separately for normative and informative tasks across four time points (T;-T;). Negative values indicate
movement toward the opposing stance advocated by the dissenting agent(s) (i.e., the counter-position relative to the participant’s
baseline), whereas positive values indicate movement away from that stance (i.e., reinforcement of one’s initial stance). Majority,
Minority, and Diffusion conditions are compared, with significance brackets indicating statistically reliable differences. This
figure presents the signed-value version of the data corresponding to Figure 6-(a), disaggregated by time and task type for
clarity.
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Figure 12: Absolute opinion change by task type and time. Boxplots depict absolute opinion change magnitudes (| AOpinion |)
relative to baseline (T0), shown separately for normative and informative tasks across four time points (T1-T4). Larger values
indicate greater deviation from baseline regardless of direction. Majority, Minority, and Diffusion conditions are compared,
with significance brackets indicating statistically reliable differences. This figure visualizes the absolute-value version of the
data presented in Figure 6-(b), disaggregated by time and task type for improved interpretability.
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Figure 13: Signed confidence change by task type and time. Boxplots depict directional confidence change (AConfidence) relative
to baseline (T), shown separately for normative and informative tasks across four time points (T;-T;). Positive values indicate
increases in confidence relative to baseline, whereas negative values indicate decreases. Majority, Minority, and Diffusion
conditions are compared. This figure presents the signed-value version of the data corresponding to Figure 6-(c), disaggregated
by time and task type as a supplementary visualization.
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Figure 14: Absolute confidence change by task type and time. Boxplots depict absolute confidence change magnitudes
(| AConfidence |) relative to baseline (T0), shown separately for normative and informative tasks across four time points
(T1-T4). Larger values indicate greater deviation from baseline regardless of whether confidence increased or decreased.
Majority, Minority, and Diffusion conditions are compared. This figure presents the absolute-value version of the data shown
in Figure 6-(d), disaggregated by time and task type as a supplementary visualization.
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Figure 15: Exploratory analysis of agent perception by individual agent roles. Boxplots show ratings on seven dimensions (affect,
competence, integrity, predictability, trust, understanding, and utility) for Majority agents, and separately for Minority and
Diffusion agents split into A1 (initially supportive agents) and A3 (the consistently dissenting agent). This figure supplements
Figure 8, where ratings were averaged across agents.
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