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Abstract

Al summaries on social media are reshaping how users form opin-
ions about political topics, yet their influence remains largely un-
examined despite their widespread deployment. This paper inves-
tigates how two types of Al summaries affect user opinions and
engagement: textual summaries of discussion narratives and per-
centage breakdowns of agreement/disagreement. Through a 144-
participant experiment on simulated online discussion threads, we
found that displaying commenter agreement percentages amplified
social conformity towards the majority views beyond reading com-
ments alone. Conversely, Al narrative summaries created misper-
ceptions of balance in polarised threads, reducing opinion change.
While these summaries did not influence participants’ willingness
to engage, toxic discussions deterred participation even when par-
ticipants held majority views. Based on our findings, we provide
critical design interventions for industry and researchers to miti-
gate these tools’ polarising effects, paving the way for responsible
Al deployment on social media platforms.

CCS Concepts

+ Human-centered computing — Empirical studies in HCI.

Keywords

Generative Al, social media, polarisation, online discourse, Al sum-
mary

ACM Reference Format:

Jarod Govers, Cherie Sew, Eduardo Velloso, Vassilis Kostakos, and Jorge
Goncalves. 2026. Narratives and Perspectives: How Al Summaries Steer
Users’ Opinions and Engagement on Social Media. In Proceedings of the
2026 CHI Conference on Human Factors in Computing Systems (CHI °26),

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI ’26, Barcelona, Spain

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2278-3/26/04

https://doi.org/10.1145/3772318.3790945

University of Melbourne
Melbourne, Victoria, Australia
csew@student.unimelb.edu.au

Sydney, New South Wales, Australia
eduardo.velloso@sydney.edu.au

Jorge Goncalves

School of Computing and Information

Systems
University of Melbourne
Melbourne, Victoria, Australia
jorge.goncalves@unimelb.edu.au

April 13-17, 2026, Barcelona, Spain. ACM, New York, NY, USA, 19 pages.
https://doi.org/10.1145/3772318.3790945

1 Introduction

Generative Artificial Intelligence is now ubiquitous online, with
social media platforms integrating it into nearly every aspect
of social interaction. From helping users sift for news informa-
tion [27, 58, 67, 68], to generating personalised insights into on-
line information and discussions [60, 89], and filtering millions
of posts and threads for relevance [114]. Thus, these Al tools are
increasingly shaping the way people consume and engage with
information online. Its capacity to distil large volumes of data into
concise, digestible summaries has the potential to help detoxify
social discourse and reduce the burden of engaging with hostile
or overwhelming content. For example, when attempting to gauge
public sentiment on a polarising issue, should a user be expected to
wade through pages of vitriolic comments, or could an Al-generated
summary serve as a more constructive and accessible alternative?

Tools that attempt to address this by displaying political align-
ment and presenting multiple viewpoints are not new. Platforms
like Ground News already help users recognise bias and echo cham-
bers by offering side-by-side perspectives on news stories [31].
Such approaches, when thoughtfully applied, can promote a better
understanding of public sentiment, improve media literacy, and
ultimately support a more informed and democratic public dis-
course [10, 27, 28, 107]. However, our growing reliance on Al to
‘simplify’ the information overload of social media places control
in the hands of a small group of increasingly politicised compa-
nies [27]. This raises concerns about the potential for these systems
to subtly (or overtly) influence public opinion and distort users’
interpretations of posts and comments.

As platforms like Meta and Reddit integrate Al-generated sum-
maries into comment sections, it becomes increasingly important to
examine how these tools might influence public opinion. Moreover,
evaluating users’ ability to recognise and escape ideological echo
chambers, with or without the assistance of Al offers insight into
the potential risks of Al-driven ideological steering. While concerns
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about AI's influence on beliefs were explored in the context of inter-
active chatbots [27, 28, 58], there remains a significant gap in our
understanding of how non-interactive Al tools, such as automated
comment summaries, may contribute to subtle forms of ideological
indoctrination on social media platforms.

Hence, we investigate whether Al-produced summaries, includ-
ing textual summaries of viewpoints (henceforth Al narratives) and
displaying the percentages of agreement on a thread’s topic (hence-
forth Al percentages), can shift the polarity of user opinions in both
civil and toxic discussions. Specifically, we examine whether such
summaries (Al narratives and/or percentages) can subtly shift users’
stances on controversial issues, depending on how perspectives
and consensus are framed. In addition, we investigate how these
Al summaries affect users’ intention to engage with the discussion,
across both civil and toxic discourse. Since Al-generated summaries
may foreground certain arguments or highlight dominant view-
points, they could shape the talking points users consider worth
responding to, thereby altering not only what users think, but how
and whether they choose to participate in a discussion at all.

In summary, our work aims to address the following Research
Questions (RQs):

RQ1 How do Al-generated summaries of ideological perspectives
in social media threads influence users’ opinions?

RQ2 To what extent do Al-generated summaries of ideological
perspectives impact users’ likelihood of engaging with a
social media thread?

We conducted an online experiment with 144 participants in
which they were assigned to one of four conditions: a group ex-
posed to both AI narratives and Al percentages, an Al narratives
only group, an Al percentages only group, and a control without any
Al summary tools. Participants were asked to read six simulated
Reddit threads on a variety of topics, three with civil discourse
and three with toxic discourse. Across each thread, participants
saw different proportions of comments that agreed or disagreed
with the overall post, and (outside of the control condition) saw
their AI narratives’ textual summary and/or the percentages of
agreement/disagreement (Figure 1).

Our findings show that both Al tools significantly influenced par-
ticipants’ opinion change (RQ1), but their effects varied by type. Dis-
playing Al-generated percentages of commenter agreement drove
conformity, increasing the magnitude of opinion change toward
the majority view when the comment section held polarised views
compared to the control comments-only thread. Conversely, Al
narrative summaries alone had a moderating effect; by presenting
opposing arguments, they led participants to inaccurately perceive
polarised debates as balanced, which in turn reduced their opinion
shift. In addition, the combination of both tools led to the largest
magnitude of opinion change within our participants.

The Al tools had no significant effect on participants’ willingness
to engage with the discussions (RQ2). Instead, we identified that the
toxic social media threads (Department of Government Efficiency
(DOGE), gun control, and the Ukraine war, which all included
toxic discourse) were a powerful deterrent. Participants were more
willing to engage in civil conversations, even when their stance
was in the minority, versus toxic ones, even when their stance was
in the majority. This highlights that constructive civil discourse is
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a more fundamental driver of participation than the perception of
consensus.

Overall, we empirically demonstrate that Al summary tools can
influence user behaviour by reinforcing consensus more than just
reading the comments alone. Based on our findings, we outline
design considerations for leveraging Al tools to facilitate detoxifica-
tion, as well as strategies to limit the influence of Al summary tools.
We highlight how responsible Al starts with identifying the poten-
tial systemic harms brought about by new Al tools before they are
deployed. This serves as a call for action for industry, researchers,
and regulators to consider how passive Al tools can exacerbate
online polarisation.

2 Related Work

To contextualise the significance of opinion polarity and one’s
willingness to engage in online social media threads, we outline
the psychological effects of social and informational conformity,
alongside the current approaches of Large Language Model (LLM)-
driven summaries on social media.

2.1 Psychological Dynamics of Online Public
Opinion

Online discourse, especially on social media, plays a significant

role in shaping public opinion and decision-making. There are

three central psychological mechanisms that have been shown to

underpin this influence: conformity (both social and informational),

pluralistic ignorance, and the spiral of silence theory.

Asch’s foundational work on conformity showed that individ-
uals tend to align with majority views either to fit in (normative
conformity) or because they perceive others as better informed (in-
formational conformity) [4]. However, conformity research in social
media typically focuses on topics relating to mis/disinformation.
For example, Wijenayake et al. [110] identified that users who read
a fake news story with comments critical of the content were more
likely to have a negative attitude towards the fake news story, and
were more likely to downvote it. Moreover, they identified that
users were more likely to engage and reshare misinformation posts
where everyone supported the premise of the post. However, this
study only considered instances where comments either all sup-
port or all oppose the main post. Furthermore, Govers et al. [28]
found that AI mediator bots can induce informational conformity
by fostering the perception of consensus in polarised debates.

Unfortunately, users often misjudge the distribution of opin-
ions online. Prior HCI studies have identified this cognitive bias,
known as the false consensus effect, where users struggle to iden-
tify the majority opinion in threads where they themselves hold
strong preconceptions—such as for support for political beliefs
as the ‘silent majority’ [56, 96]. Conversely, users can also under-
estimate the popularity of their beliefs via pluralistic ignorance,
where individuals wrongly believe their private views are in the
minority, particularly if they believe that their beliefs are being
persecuted/targeted by the online audience [87]. Moreover, echo
chambers amplify these misconceptions [25, 41], especially on con-
tentious topics like climate change [51, 61], populism [11, 115], and
news bias [15, 27].
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Another factor in opinion expression is the spiral of silence the-
ory: individuals may withhold views if they perceive them to be
unpopular [64]. For example, Hampton et al. [32] identified that
only 42% of Facebook and X (formerly Twitter) users were com-
fortable posting about a Snowden-NSA surveillance story online
compared to 86% of Americans being willing to have such a con-
versation offline. Furthermore, Dubois and Szwarc [20] identified
that users across France, Germany, UK and the US self-censored
based on their own perception of whether they believed their views
were in the minority.

These challenges are compounded by toxic or emotionally
charged discourse, particularly on polarising topics. AI models,
though not immune to bias [62], may help mitigate the effects of
these psychological mechanisms by offering emotionally neutral
summaries of discussions. It remains unclear, however, whether
Al-generated summaries that display the percentage/proportions of
agreement and disagreement on a social media thread would influ-
ence users’ judgements or improve their awareness of the thread’s
polarisation. This is increasingly relevant as Al narrative summaries
of news/discussions become embedded in social platforms [60, 68],
news media [27, 58], and search engines [92].

In this context, Mun et al. [63] proposed Al-driven counter-
speech and summarisation tools, cautioning that reactive Al en-
gagement may intensify polarisation. Instead, they advocate for
reflective summarisation through neutral, context-aware overviews
that present diverse perspectives without reinforcing division. Our
study builds on this work by assessing the influence of Al-generated
summaries, both of narrative content and commenter sentiment
distribution, on users’ opinion polarity and engagement behaviours
to investigate whether Al can trigger these cognitive biases.

2.2 Applications of Al-curated Information
in Social Media

Prior applications of Al-curated information in social media are
largely motivated by the need to address mis/disinformation
through fact-checker Al summaries [9, 37, 39, 50], or to pop ‘filter
bubbles’ [14, 66, 72, 120, 120]. Filter bubbles refer to the person-
alised curation of online content, such as recommended Reddit
posts or YouTube feeds, tailored to the users’ perceived interests to
foster engagement [72]. However, these filter bubbles can result in
online radicalisation rabbit holes [25]—including moderate to ex-
treme fringe subculture radicalisation pipelines on platforms such
as YouTube [27, 52]. Moreover, platforms target engagement and
retention, thus platforms may cater by sorting comments by contro-
versial or heated posts, or alternatively by the majority ‘most-liked’
consensus as seen on Reddit (via upvotes) and YouTube (by likes).
Sorting by controversial posts for engagement risks enhancing po-
larising in and out-group dynamics, where users assume a group
identity framed around antagonising an opposing ‘out-group’ [105].
Conversely, sorting comments by most liked reasserts the majority
consensus, potentially reinforcing the spiral of silence online.
Thus, Al summaries provide an opportunity to highlight nar-
ratives that may be buried due to majority opinion, brigading
(where outside users try to overtake a forum/thread to manipu-
late the perception of the majority consensus [71]), or shadow-
banned/delisted due to opaque social media algorithms [40]. As
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such, we examine whether Al summaries of users’ perspectives in a
Reddit thread could help reduce opinion polarisation by providing
objective (rather than emotive) analyses of users’ arguments, along-
side presenting the proportion of commenter agreement in a thread
rather than leaving it up to a subjective/biased user’s perception.

Current Al-based tools demonstrate various strategies to help
users navigate their exposure to different viewpoints in a filtered
and algorithm-curated social media landscape. For example, the
browser extension, Pop, augments X (formerly Twitter) feeds with
news tweets from agencies of differing ideological stances, though
its effectiveness in helping users learn about different perspec-
tives compared to manual searching remains empirically uneval-
uated [66]. Meanwhile, the web application Social Mirror encour-
ages users to follow accounts with contrasting political ideologies
to reduce participants’ perceptions of a politically homogeneous
network and thus prevent their feed from becoming an algorithm-
driven political echo chamber [74]. However, these approaches
encourage users to seek subjective sources, rather than relying on
an external Al summary of opinions/thoughts—which could provide
a more objective detoxified analysis of a heated topic.

Solutions to help reading audiences depolarise their position
online currently rely on Al agents actively partaking in the online
discussion—such as via Al-driven mediator chatbots [28], or multi-
agent personas providing different perspectives [120]. Thus, our
study investigates whether a passive approach of providing detoxi-
fied Al summaries alone would depolarise users without having to
alter the actual online discussions through interactive chatbots as
seen in related work [28, 120].

3 Method

The core objective of this study is to identify how Al summaries of
narratives and the percentages of agreement/disagreement influence
a social media user’s opinion-making processes and their experience
regarding their willingness to engage in a social media thread. Here,
we break down each of the design components of the study starting
with the thread topics and discussion design. Thereafter, we outline
the design considerations of different summarisation tools—which
mimic existing implementations by Meta (for Facebook) [60], X [68],
and Ground News [14, 31]. Finally, we present the quantitative and
qualitative measures used in our study and the procedure followed
in our experiment. We note that our simulated topics and data
collection process occurred in April 2025, reflecting current events.

3.1 Topic Selection and Polarity

We replicated a Reddit-style social media platform, centred on a par-
ent post on a given topic where users can comment and (sub)reply.
This threaded format reflects real-world platforms such as Reddit,
Facebook, and X, all of which are currently exploring Al tools for
summarising conversations and visualising the proportion of dif-
fering opinions [66]. For the overall topic, we simulated polarised
comments across six threads using Large Language Models (LLMs)
on a custom site stylised to look like Reddit and accessible to the
consenting participants only.

We divided these threads into two categories: civil and toxic.
We constructed the civil threads to have conversations that rely
on deliberative constructive discourse—where comments must be
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evidence-driven or rely on logical argumentation without relying
on fallacies, personal attacks, or offensive language [25]. Conversely,
toxic threads were constructed to rely on extreme polarity whereby
users may also rely on evidence and logic, but contain destructive
discourse strategies such as personal ad hominem attacks, logical
fallacies, and extreme disregard for opposing views.

We select our topics to offer a salient spectrum of examples
of current events topics with high-probability of toxic discourse
(i-e., high affective polarisation, which correlates to toxic discourse
online [25]), to low-stakes topics, which are more likely to contain
civil discourse due to their low affective polarisation (i.e., disdain
for the other ‘out-group’ [105]). We select our topics with toxic
discourse inspired by real topics/discourse on Reddit in April 2025
using the controversy/polarisation-driven top ‘hot’ threads filter
on r/politics (archive of the subreddit topics [78, 79]). For our civil
threads, we target the Fukushima wastewater treatment debate
for its international focus [80, 113], while remaining less familiar
to a US audience (reducing likelihood for toxic affective polarised
discourse) [27], and public transport [81, 102, 103] and social media
under-16 ban topics (also in current events discourse [77, 101]).

The civil threads include the following topics:

(1) Fukushima (FUKU)—with a post regarding the proposed
discharge of treated radioactive water from the Fukushima
Daiichi Nuclear Power Plant into the Pacific Ocean.

(a) The parent post on the simulated subreddit r/science
makes the claim “The Japanese government should dis-
charge the treated Fukushima nuclear wastewater into the
Pacific Ocean rather than to store it onsite.”

(2) Free Public Transport (PT):

(a) The parent post on the simulated subreddit r/transport
makes the claim that “Public transport should be free
across US cities”

(3) Social Media Under-16 Ban (SOC):

(a) The parent post on the simulated subreddit r/social makes
the claim that "Social media should be banned for those
under the age of 16.

The three toxic threads include the topics:

(1) Ukraine-War Peace Deal (UKR)—focusing on the February
2025 news on an immediate ceasefire in Ukraine proposed
by US President Donald Trump.

(a) The parent post on the simulated subreddit r/politics
makes the claim “Trump is doing the right thing by push-
ing for an immediate ceasefire between Ukraine and Rus-
sia”

(2) Elon Musk’s role in the Department of Government Effi-
ciency

(a) The parent post on the simulated subreddit r/politics
makes the claim that “It is a good thing that Elon Musk
is in-charge of the new Department of Government Effi-
ciency (DOGE)”

(3) Gun Control (GNC)—focusing on a proposed ban on Military
Style Semi-Automatics

(a) The parent post on the simulated subreddit r/politics
makes the claim that “Military-Style Semi-Automatic Ri-
fles Should Be Banned in the U.S”

Govers et al.

All topics follow the format shown in Figure 1. Each post has ten
three-post comments for consistency, where every 1st level parent
comment has two visible replies (as Reddit by default shows first-
order comments before hiding nested comments under a ‘Show
More’ button). We utilised this total of 30 comments to reflect small
threaded conversations so that the participant can observe civil
and toxic argumentation between commentators/repliers, and to
approximate the median number of comments seen across all Reddit
threads [109]. Likewise, we prioritised the first and second level
posts (comments and replies) over long nested comment chains,
as the majority of Reddit posts involve the first or second level
comments, with the frequency of comment changes of n-length
decreasing logarithmically [109].

Participants read all six topics, where we manipulated whether
they see the textual AI narratives summarisation tool, the AI per-
centages tool, or neither (control). We display an exact excerpt from
the Ukraine topic thread with both the AI narratives and AI per-
centages tools in Figure 1. Across the civil and toxic thread topics,
we manipulated the visualised percentages of agreement in the
comments themselves to mimic degrees of polarisation on threads,
consisting of a ‘balanced’ thread where ~50% of comments agree
with the premise and ~50% disagree (‘balanced’ condition), a strong
pro-topic echo chamber thread where ~90% agree with the topic
premise and ~10% disagree (‘polarised-agree’ condition); as well as
an anti-topic echo chamber thread where ~10% agree with the topic
premise, and ~90% disagree (‘polarised-disagree’ condition).

These three proportions (balanced, polarised-agree, polarised-
disagree) were applied to all topics, generating 18 thread transcript
variants: 6 topics * 3 agreement proportions (balanced, polarised-
agree, polarised-disagree). These transcripts were counter-balanced
and each participant saw one transcript from each topic. For exam-
ple, one participant saw one of the civil topics with ideologically
balanced comments, another with strong disagreement, and one
with strong agreement; but did not see two civil topics with the
same proportion (same for the toxic threads). This ensured that we
could observe the effects of Al tools in the cases of echo chambers
and cases where debate is balanced to determine how visualised
percentages of commenter agreement/disagreement could influ-
ence social conformity, with users conforming or moderating their
stance towards the majority group of commentators.

3.1.1  Comment Design.

To ensure consistency in generating clear toxic or civil comments
that agree or disagree with a thread’s premise, we utilised GPT-
4.5 to generate our comments [69]. Utilising Al to simulate online
discourse is common in HCI research [26, 54, 73], and it enabled
us to control the polarity (disagreement/agreement) as well as the
toxicity of the comments. Likewise, simulating posts for Al-driven
polarisation studies resolves the ethical issues of running manipula-
tion experiments on live unknowing users who have not consented
to a study and are not debriefed after the experiment [98].

We specified an average post length of 50-100 words to mirror
the posts on related subreddits [7, 109]. GPT-4.5 was specifically
chosen for its state-of-the-art argumentation quality and realistic
human-like speech patterns as of April 2025 [69]. Using a single,
high-performing AI model ensures consistency in argumentative
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) ripolitics + 23 hr. ago

" perypigeon Topic Premise

Trump is doing the right thing by pushing for an immediate ceasefire

between Ukraine and Russia. [Ukraine_’

+ Add a comment

Al Analysis of the Users Perspectives (%)

87% Agreed www | AI Percentages Tool

Al Summary of the Users Narratives

Supporters of the immediate ceasefire proposal believe...

that Trump’s immediate ceasefire push is realistic and necessary. They argue Ukraine’s military
capabilities are severely depleted, making further conflict wasteful and dangerous. Supporters
see Zelenskyy as unrealistic, driven by ego, and reliant on Western aid, causing unnecessary
Ukrainian casualties. Trump’s proposal is viewed as harsh yet ultimately humane.

AI Narratives Tool

Opponents of the immediate ceasefire proposal believe...

that Trump’s ceasefire sets a dangerous precedent by rewarding Russian aggression. They
emphasize the importance of Ukrainian sovereignty, international law, and democratic
principles. Opponents label the ceasefire as appeasement, fearing it would embolden Putin and
destabilize global democracy. They reject framing Zelenskyy as the aggressor rather than
Russia.

Comments

A NimbleGnat 21h ago

V¥V Finally someone said it. Zelenskyy is a puppet begging for NATO scraps. Trump’s the only one brave enough Paren t
to admit Ukraine already lost this war months ago. Wake up people, giving up a few villages is better than

getting obliterated completely. comment

A FastFox 21hago

. .
V¥ Exactly. Zelenskyy cares more about his Hollywood friends than actual Ukrainian lives. Trump calling him W’th 2 Ch’ld

out was golden. This clown needs a reality check.

A TallTiger 21h ago replies

¥V  Zelenskyy’s ego is getting Ukrainians slaughtered. Trump'’s peace deal is harsh but at least stops the
bleeding. Screw pride—this ain’t Call of Duty.

Figure 1: Example of the simulated Reddit thread transcript with both the AI narratives summary and the AI percentages tools,
and one of the ten comment chains (with two replies each). The remaining 27 comments (9 parent comments with 2 replies
each) are hidden for clarity.
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Aggregate Summaries Textual Narrative Summaries

Ground News

Ground News
Bias Distribution ~

« 50% of the sources lean Right

warn a Trump return

Govers et al.

Reddit Answers (Beta)

MWW Public Perception and Criticism

Kialo

—r ,Q - = N\ Comments
o o o

‘Summarized by Al

People love Bryan the bird

[2)

Lazarbeam should be in more videos

W

Reddit Summaries (Users) Meta Summaries

< Summary O MetaAl

Banned 2 years ago, but has been a

positive contributor in r/animalcrossing Commenters have mixed opinions on taxing the rich, with
since. some supporting it and others opposing it. One
commenter notes that the rich already pay 40% of
income taxes, while another argues that politicians and

p meme culture comes off as
cringey. Some commenters also express frustration with
government spending and the transfer of wealth from the
middle class to the wealthy.

What people are saying

Generally posts about their i/
animalcrossing crafts.

Summaries are in beta

Figure 2: Examples of aggregate ‘agreement’ summaries—such as political alignment (Ground News [31]), and Kialo’s visualisa-
tions [45]. Summaries can also summarise text to provide a narrative to the conversation/comments, such as Ground News [31],
Reddit Answers [82], and the comment-section summaries on Meta’s social media platforms [60].

quality and sentiment across different viewpoints, avoiding poten-
tial biases where one side of a real Reddit thread might inadvertently
have stronger or weaker arguments. Beyond neutral summaries,
generative Al can also mimic emotive toxic political discourse [26],
as well as informal Reddit-like speech and humour [24, 100]. Our
prompts instructed GPT-4.5 to generate 10 comment responses
with 2 replies, where we simulated civil (evidence-driven, logical
chains-of-thought, relevant) or toxic (ad hominem, logical fallacies,
destructive) comments based on the topic. We provide all prompts
to generate our comments and Al narrative summary text across
all six topics in Appendix A.1-A.2 for reproducibility.

3.1.2  Summaries Design.

We selected our Al summary modalities based on established exam-
ples of visualisation and textual summarisation designs used in ex-
isting platforms, with examples from the news-aggregator Ground
News [31], Meta ecosystem (Facebook, Instagram, WhatsApp, Mes-
senger, and Threads) [60, 95], X [68], and Google (YouTube [117],
and their ‘Al Overviews’ for web searches [83]). We observed two
main types of Al modalities: visual/numeric aggregators—which
provide breakdowns of consensus and agreement, and narrative
summaries—which summarise chats, or webpages to give break-
downs of perspectives while remaining agonistic to the level of
agreement. Platforms like Kialo visualise agreement in the threads
(Figure 2), while platforms like YouTube and Reddit show rely on
non-Al likes/karma from users themselves to visualise agreement
directly from the users. Nonetheless, Al are replacing these human-
driven approaches, with research in aggregate numeric summaries
including bias/agreement indicator labels and misinformation vi-
sualisations [9, 37, 68] (including for source bias (Figure 2)), with
optional descriptions to provide context [46, 95].

We used the real number of comments which agree and those that
disagree to generate our ‘Al-generated’ agreement/disagreement
percentages—which allows us to identify if participants perceive
the ‘AT’ percentages to be biased (when in reality, they are the
ground truth). We used the selected batches of agreeing/disagreeing
comments to generate the Al narrative summaries—which target

~50 words in length to mimic Facebook comment section narrative
summaries [60]. We also targeted an emotionless neutral tone for
our summary prompts as the tone of speech online can influence a
user’s engagement and their opinion on a discussion topic [2, 118].
In our simulated subreddits, we disabled Karma (i.e., visible up-
votes/downvotes, as common in political subreddits), gave anony-
mous Reddit-like usernames which are topic-agonistic (e.g., Quan-
tumQuokka, YummyYak), and disabled profile pictures for consis-
tency and to reduce potential biases [35, 94, 106], with comment
examples visualised in Figure 1. We set all comments to the same
timeframe (“21 hours ago”) to reduce temporal recency biases.

3.2 Measures

To address RQ1’s focus on opinion change and polarity percep-
tions on the social media thread, we measured participants’ initial
opinion and final opinion through a 7-pt Likert scale on agree-
ing/disagreeing to the topic’s premise (e.g. “I support a ban on
Military-Style Semi-Automatics”), an approach utilised in related
work on online polarisation [5, 6, 27, 28].

We also measured participants’ perceived topic polarity, defined
as their estimate of the proportion of comments that agree or dis-
agree with the topic’s premise. While we expect that providing
Al-generated percentage estimates will improve their accuracy,
we are equally interested in how an Al-generated summary alone
might affect their perception of the thread’s overall polarity. For
instance, if users are shown two equally sized summaries—one for,
one against the premise—they might infer an even split of opinions,
even if the actual distribution of comments is strongly one-sided.

This measure of perceived polarity is also valuable in the control
(no-Al) condition, as it allows us to see how accurately people
gauge the distribution of opinions when relying solely on their own
judgement, especially if the participants hold strong views on the
topic, as this would align with the theory of Pluralistic Ignorance.

For RQ2, we investigate participants’ desire and willingness
to engage with a thread after reading it. We define engagement
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Stage A1: Pre-Task
Questions

Stage A2: Assigned One of the Following Al
Percentages and/or Narratives Conditions
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Stage B1: Reddit Thread
Reading Task

Stage B2: Post-topic Stage C: End of Study
Questions Final Questions

Al-Percentages Only |

Al Analysis of the Users Perspectives (%)

“
2
S
S

Participant reads a thread, consisting of a civil
or toxic topic with a custom comment section

Participant answers
questions after
reading each thread

l 47% Agreed 53% Disagreed

[ Al-Percentages and Narratives |

Social Media Al Analysis of the Users Perspectives (%)

Read/Write Exposure
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Figure 3: The experimental flow of our study—covering demographic, predictor and pre-test questions in Stage A1, their
assignment of their AI summary tool condition for the entire experiment in Stage A2, and the process loop of reading a Reddit
thread in Stage B1 and answering questions in Stage B2. This latter process repeats for each of the six counterbalanced Reddit
threads before concluding with two qualitative questions at Stage C.

as whether they would want to write a comment, cast an up-
vote/downvote, or reply to someone else’s comment. This approach
tests the Spiral of Silence theory, which predicts that individuals
are less inclined to respond when they are in the (overwhelming)
minority [34, 64]—most clearly demonstrated in conditions where
only a small minority of comments support their stance. We mea-
sured this ‘willingness to engage’ tendency using a 7-point Likert
scale for both internal consistency and for mixed-model analysis.
This allowed participants to indicate whether they would respond,
without necessarily disclosing how. Although this method has its
limitations, it avoids the risk that participants self-censor or rush
their written comments, improving the validity of the engagement
measure.

Thus, our measures for participant opinion change (RQ1) and
their willingness to engage in the thread (RQ2) include:

e RQ1 Opinion Measures:
— Initial Opinion Agreement Likert—a 7-point Likert scale
on how much the user agrees/disagrees with the topic

premise.
* Example: "Military-Style Semi-Automatic rifles should
be banned in the U.S"

— Final Opinion Likert—same Likert as above but asked after
reading the Reddit thread.
* "After reading the Reddit thread, how much do you
agree or disagree with the statement that: <Premise>?"
— Final Opinion Qualitative Question:

* "Please explain your decision above. What made you

keep or change your opinion on the topic?"
- Perceived Polarity Slider:

* "On a scale from 0-to-100, where 0 means ‘no comments
supported’ and 100 means ‘all comments supported’,
how much support did the <Topic Premise> receive in
the Reddit thread?"

e RQ2 Engagement:
— Willingness to Engage Likert (7-point scale):

* "After reading the Reddit thread, how likely are you to
engage/respond to this Reddit thread (including reply-
ing, upvoting/downvoting comments, etc.)?"

e Open-ended Questions Asked at the Conclusion of the Study:
— "Overall, what are your thoughts on the Al summarisation
tool?"
— "Did you find the Al summarisation tool fair and balanced
across the topics?"

3.3 Procedure

We utilised simulation-based power analysis to calculate our mini-
mum sample size. Our simulation is based on effect size findings
from previous research on the effect of Al-driven mediators on user
opinion, polarisation, and behaviour [28], the role of AI contextual
bots like nudging tools [9] and the impact of social conformity on
perceptions of comment sections [110]. We calculated a minimum
sample size of 140 to achieve a power of 0.8 following established
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methodology recommended for psychology studies by Cohen [16],
as standard for HCI experiments [27, 53, 70, 85, 116].

We used the Prolific crowdsourcing platform to recruit 144 par-
ticipants (72M, 72F) to ensure an equal distribution of participants
across all conditions. All participants are from the United States
with a minimum approval rate of 98%, and with an equal split of
self-reported Republicans, Democrats, and Independents for politi-
cal balance. We sample only first-language English speakers due to
the nature of our experiment.

To minimise the risk of participants’ being aware of the experi-
ment’s aim, we masked the study’s true purpose in the following
ways. Firstly, we framed our study as an opinion polling exercise,
highlighting our aim to “understand perspectives on Reddit threads”
and instructed participants to browse as they normally would. Fur-
thermore, each participant only saw one Al condition throughout
the experiment (AI percentages only, Al narrative summaries only,
both, or neither) to prevent any changing layouts from priming
them into focusing on the AI tools. Finally, we included a buffer
task between each thread-reading task where participants wrote
their thoughts on the political topic to contribute to the public
polling guise (akin to related opinion polling and social media con-
formity studies [43, 110]). We exclude any mention of the Al tools
in our questioning until the conclusion of the experiment (i.e., after
collecting all RQ1/RQ2 quantitative measures).

We visualise our full 30-minute survey in Figure 3, which was
approved by our university’s Human Ethics Committee.

Stage A consisted of the initial Plain Language Statement, the
consent form and the demographic questionnaire, where we col-
lected how often each participant read social media (Never, Some-
times over: the past six months, ...past month, ...weekly, ...daily),
how often they post and actively partake in social media discus-
sions (same scale as the prior question), their initial opinion on each
of the six thread topics (1-to-7 Likert agreement scale), and their
self-reported familiarity/knowledge (1-to-7 Likert scale). We then
assigned them to one of four Al conditions across all six Reddit
threads: Al percentages only (where participants see a percentage
bar of how many commentators overall agreed or disagreed with the
topic’s premise), Al narratives only, both, or a control (i.e., standard
Reddit post with comments, no AI).

Stage B reflects the core experiment where participants have up
to three minutes to browse our interface to read the post, (if applica-
ble) Al tools, and the comment section. We opted for three minutes
per thread before prompting the participant to wrap up to main-
tain consistent payment/timing as well as due to our internal pilot
testing identifying that participants took approximately two min-
utes to read all comments, thus allowing a comfortable maximum
time for those that tend to engage in ‘deep reading’ while allowing
participants to proceed early if they are skim readers. As aforemen-
tioned, participants read one thread at a time, consisting of a topic
(toxic or civil) where the comments either reflect balanced argu-
mentation or one-sided echo chamber polarity (polarised-agree or
polarise-disagreement condition). After the participant completed
their reading task, they completed the quantitative and qualitative
measures from Subsection 3.2 (no time limit). Stages B1 and B2
then repeated across the six thread topics, where the topics and
proportion of comment polarity differed within-subjects, while the
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presence of the Al percentages and/or Al narratives tool differed
between-subjects.

After all six topics, participants completed the exit questions in
Stage C, where we probed their experience and perceptions of the
Altools. Finally, we gave participants a debrief document explaining
the real purpose of the experiment (understanding conformity from
comments and Al summariser tools), and references to reputable
articles on the topics (e.g., International Atomic Energy Agency for
Fukushima [36] and the Associated Press for the Ukraine-war [48])
as recommended for responsible polarisation studies and to reduce
inadvertent polarisation of the participants [27].

4 Results

We analyse the results from our 144-participant sample using a
mixed-methods approach consisting of Generalised Linear Mixed
Models (GLMMs) and Cumulative Link Mixed Models (CLMMs)
for quantitative analysis, alongside inductive thematic analysis for
our open-ended qualitative questions. We calculated the Variance
Inflation Factors (VIF) for all RQ1/RQ2 mixed models to assess for
multicollinearity among the independent variables. All VIF values
were below five, indicating no significant linear dependence among
the predictors [76].

We analyse RQ1’s focus on how these Al tools could shape user
opinions on the discussion topics through two lenses: the direction
of opinion change (towards extremes or towards centre/neutral
view), and its magnitude; as visualised in Figure 4 with significant
effects shown in Table 1.

We measure opinion change (RQ1) as the shift in opinion from
the pre-experiment 7-point Likert scale on agreement for each of
the topics, compared to their scores after reading each topic with
or without the Al narratives and/or Al percentages summarisation
tools. We capture the magnitude of opinion change through the
absolute difference between pre- and post-test opinion Likert scales
as used in related work [6, 27].

We measure the magnitude of opinion change as both the relative
Cohen’s d effect size from the Al tools and the absolute opinion
swing. For relative effect size changes, a negative value indicates
that the intervention had a reduced opinion change magnitude
compared to the overall marginal mean opinion change, while
positive effect size values indicate a higher than marginal mean
effect size change. Where effect size error bars intersect 0 (e.g., as
seen in Figure 5), this indicates that there is no significant effect.
We also discuss the estimated marginal means (emmeans) values in
Likert values themselves to give the expected mean opinion change
for each intervention group.

We also measure the direction of opinion change to observe
how comments that are polarised in either political direction
with/without the Al tools could influence whether they become
more or less polarised. For instance, a user may have a significant
opinion swing from ‘Agree’ to ‘Somewhat disagree’ (a 3-point Likert
shift), which indicates a strong opinion change effect but not nec-
essarily a risk of extreme polarisation or radicalisation. Conversely,
a user may shift from ‘neither agree nor disagree’ to ‘strongly dis-
agree’, which is also a 3-point magnitude swing, but this indicates
that the comments and/or tools had a directional and radicalising
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After reading the Reddit thread, how much do you agree or disagree with the statement that:
"Military-Style Semi-Automatic rifles should be banned in the U.S."
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Figure 4: The two approaches for measuring opinion change (RQ1), consisting of opinion swings towards making their positions
more extreme (directional), or exacerbating their overall opinion change (magnitude).

Table 1: RQ1-M = Magnitude of Change Mixed-Model, indicating the significant predictors and the Al tools for enhancing the
magnitude of opinion change towards the majority (or balanced centre) view; RQ1-D = Directional Mixed-Model, indicating
predictors/tools relevant for which direction (towards pro, or anti, or centre) view; RQ2 = Willingness to Engage after reading
the thread mixed-model, indicating whether the predictors made participants more or less willing to engage in the thread.

Significant Predictors

Significant AI Interventions

Initial Topic Social ~ Social Opinion Commelnt Thread  Percentages Narratives
Opinion Knowledge Read  Write  Congruence Proportion Toxicit Onl Onl; Both
(Directed) Y Y Y
RQ1-M v 4 X 4 v v v v v v
RQ1-D X X X v v X v X v
RQ2 v 4 X 4 v v X X X X

effect. We also investigate whether participants’ opinions moder-
ated (RQ1) towards the centre ‘neither agree nor disagree’ stance,
as users’ opinions may not necessarily polarise to the anti or pro
stance views, but instead depolarise towards the neutral stance. For
RQ2, we analyse participants’ willingness to engage (respond, com-
ment, upvote/downvote) in each thread through a single CLMM
with the findings also summarised in Table 1.

Finally, we conclude with our three qualitative questions (Fig-
ure 3) as analysed via the general inductive approach [104]. The
main author began by reviewing the qualitative data to deepen their
understanding of its content. This was followed by the identification
of a preliminary set of categories, which were then collaboratively
refined with another member of the research team through an iter-
ative process. Once the categories were finalised, both researchers
independently used these codes to systematically analyse the par-
ticipants’ responses in a deductive manner.

4.1 Quantitative Findings

Overall, we found that the Al percentages, especially when com-
bined with the Al narratives summaries, significantly increased both
the direction and magnitude of participants’ opinion shifts toward
the majority view. Likewise, we found no evidence of widespread
belief reinforcement (i.e., ‘doubling down’) when participants en-
countered opposing comments. The inclusion of Al percentages
amplified conformity (Cohen’s d = 0.81) and led to greater opinion
change (up to a 1.5 Likert swing) compared to the summaries alone
(0.9 swing). Participants’ perceived agreement in the thread also
played a key role: when participants rated the discussion as bal-
anced, they moderated their views, whereas perceived majorities
intensified polarisation. Notably, the Al narratives tool on its own
often led participants to wrongly perceive debates as balanced even
when they had the strongly polarised comment threads, which
reduced their opinion swings.

For RQ2, the Al tools had no significant effect on their willingness
to engage. Instead, engagement was more strongly influenced by
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the thread’s tone: participants were more willing to engage in
threads with civil discourse, even when in the minority, while
threads with toxic discourse discouraged participation, especially
for those whose views were in the minority.
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Figure 5: Emmeans Cohen’s d effect size for the magnitude
of opinion change based on whether the majority of com-
ments agreed with the participant’s stance or not (congru-
ence), given the presence of the Al percentages (top plot)
and/or Al narratives (bottom plot) tools. Incongruent refers
to a participant having an opposing view to the majority of
commenters, congruent refers to them sharing the majority
opinion, and neither is where opinions are balanced. Nega-
tive values represent that the magnitude of change is below
the marginal mean of the overall mixed-model, while posi-
tive represents that the magnitude of change is above it.

4.1.1 RQI1—Magnitude of Opinion Change from the Al Summaries.

Our analysis reveals that the different Al tool conditions pro-
duced distinct effects on the magnitude of participants’ opinion
change when compared to the control without-AI group (Figure 5).
The most substantial impact came from the combined use of the
tools (Figure 6). The condition with both AI percentages and AI
narratives produced the greatest opinion swing, with an estimated
marginal mean (emmeans) shift of 1.5 Likert points (SE = 0.13, p <
0.01).

In contrast, the Al narratives summaries alone had a moderating
effect. This condition resulted in the smallest opinion swing of 0.9
Likert points (SE = 0.13, p < 0.01), thereby reducing the amount
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Figure 6: Emmeans Cohen’s d effect size for the magnitude of
opinion change overall based on the presence (or lack) of the
Al narratives and/or Al percentages tools. Values represent
magnitude of change above/below the marginal mean.

of opinion change to a level even below the control condition’s
comment-section only 1.089 marginal mean opinion swing (SE =
0.13, p < 0.01), reinforcing that comment sections alone can have a
conformity effect.

The Al percentages tool was the primary driver for increasing the
magnitude of opinion change. A direct pairwise comparison shows
that adding the AI percentages tool to the AI narratives tool (i.e.,
comparing the Both condition to the AI narratives only condition)
also significantly increased the magnitude of the opinion swing
(Cohen’s d = 0.47, SE = 0.13, p < 0.01).

Significant predictors for the magnitude of opinion change in-
cluded prior topic knowledge and social media posting habits, as
well as the thread’s toxicity. Participants with higher self-reported
knowledge were less likely to change their opinion (Cohen’s d =
0.53, SE = 0.22, p < 0.05). Participants who rarely post on social
media were more likely to change their opinion compared to daily
posters (Cohen’s d = 0.51, SE = 0.24, p < 0.05).

The effect of the overall thread’s toxicity also affected opin-
ion change, whereby participants who agreed with the majority
consensus of a civil topic were far more likely to change their opin-
ion compared to a toxic thread where the majority of participants
disagreed (Cohen’s d = 0.66, SE = 0.15, p < 0.01). A participant’s
perceived agreement of the thread (i.e., the percentage of agreement
and disagreement they believe is in the thread, as measured after
reading the thread) also had a significant effect, where perceptions
of one-sidedness increased the magnitude of opinion swing (Co-
hen’s d = 0.280, SE = 0.083, p < 0.01). While this effect considers
controversial topics with toxic discourse (i.e., toxic threads), we
also investigated how the topics themselves differed within their
respective civil (Fukushima vs. Public Transport vs. Social Media
U16 Ban) and toxic discourse (DOGE vs. Ukraine vs. Gun Control)
threads. We observed no significant effects between these topics
within their respective civil or toxic category.

4.1.2  RQI1—Direction of Opinion Change from the Al Summaries.

Next, we analysed the direction of opinion change to determine
if the AT tools pushed participants towards the pro- or anti-topic
stance (Figure 7). We found a strong conformity effect towards the
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Figure 7: Emmeans Cohen’s d effect size for the direction
of opinion change based on the comments stance and the
presence of the Al percentages tool overall (top plot), as well
as the AI narratives tool overall (bottom plot). In these di-
rectional plots, a negative effect size indicates an opinion
change towards the anti-topic stance, while a positive effect
size indicates opinion change towards the pro-topic stance.
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Figure 8: Emmeans Cohen’s d effect size for the direction of
opinion change based on the comments stance and the the
presence (or lack) of the Al narratives and/or Al percentages
tools.

majority polarised threads which was significantly amplified by
the AI percentages tool, and further amplified when paired with the
Al narratives tool. For instance, in threads where the majority of
comments disagreed with the topic premise (‘polarised-disagree’),
the AI percentages tool induced a strong opinion change in that
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direction (Cohen’s d = 0.62, SE = 0.12, p < 0.01), resulting in a
marginal mean final opinion of 3.60/7 (SE = 0.20, p < 0.01). In threads
where the majority agreed (‘polarised-agree’), it pushed participants
toward agreement (Cohen’s d = 0.67, SE = 0.15, p < 0.01), with an
emmeans final opinion of 4.85/7 (SE = 0.20, p < 0.01).

The combination of both AI tools further amplified this direc-
tional shift. When both tools were present, the opinion swing to-
wards the majority view increased by 0.67 Likert values compared
to the control (SE = 0.24, p < 0.05). The AI narratives tool alone did
not produce a significant directional effect. The most significant
predictor of the directional change in opinion was the initial opin-
ion of the participant on the topic (Cohen’s d = 0.54, SE = 0.13, p <
0.01).

Notably, while the AI narratives tool reduced the overall magni-
tude of opinion change, we did not observe any directional swing
either towards pro/anti-topic stances nor towards the central ‘nei-
ther agree nor disagree’ stance. This indicates that the tool had a
moderating effect on just the magnitude of opinion change, rather
than a depolarising effect towards a neutral viewpoint. Moreover,
no condition resulted in a significant depolarisation effect (i.e., an
opinion change towards the centre neutral view).

Overall, we found that opinion change was primarily driven by
social conformity towards the majority opinion, supporting pre-
vious research showing that commenter consensus can influence
readers’ opinions [110]. Notably, social conformity towards the
majority opinion was significant for the control No Al condition,
confirming that participants read the comments (Figure 8, where
this effect was enhanced (AI percentages) or weakened (AI nar-
ratives alone reducing the magnitude of change) by the Al tools,
highlighting that participants read the Al tools as well.

4.1.3 RQI1—Perceived Polarisation of the Commenters.

After reading each thread, we asked the participants to rate their
percentage of comments that they believed agreed or disagreed
with the topic premise on a scale of 0-to-100.

We model the participants’ perceived polarisation measure
through an ordinal beta regression model, which allows for bounded
numeric 0-to-100 scales [47]. We output the density plots and dis-
tribution of the participants’ perceived polarisation of the threads
in Figure 9, noting that a perfect recall/estimation of the thread po-
larisation should be at the ~90% (+/-3%) agree, 13% (+/3%) agree and
50% agree (+/-3%) to reflect our three proportions (polarised-agree,
polarised-disagree, and balanced threads).

We found that the AI narratives tool alone led to a notable mis-
perception. Because it presented both arguments, participants often
perceived the discussion as balanced (~50% agreement), even when
the actual comments were predominantly polarised (Figure 9). This
misperception helps explain the tool’s moderating effect: when
participants perceived a thread as balanced, their opinions shifted
by a 0.57 marginal mean opinion swing (SE = 0.24, p < 0.05)—a sig-
nificant change compared to the overall marginal mean of opinion
0.74 (SE = 0.47, p = 0.12).

By contrast, the AI percentages tool appeared to amplify con-
formity. Unlike AI narratives, it provided an accurate depiction of
the real majority consensus (Figure 9), which in turn led to greater
conformity and larger shifts in opinion.
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Figure 9: Perceived Polarisation by AI narratives and Al percentages Conditions.

4.1.4 RQ2—VWillingness to Engage.

For our second research question, we found that the Al tools had
no significant effect on participants’ willingness to engage with
the discussion threads (i.e., comment, reply, or vote). Instead, the
primary driver of engagement was the civility of the discussion.

Participants were significantly more willing to engage in civil
threads (e.g., Public Transport, Social Media Ban) than in toxic ones
(e.g., DOGE, Gun Control, Ukraine War), with a moderate effect size
(Cohen’s d = 0.54, SE = 0.10, p < 0.01). This finding suggests that a
constructive environment is a more critical factor for participation
than the perception of consensus.

Furthermore, we observed an interaction between toxicity and
opinion congruence. Participants were more willing to engage with
a civil discourse thread even when their opinion was in the minority
than they were to engage with a toxic thread even when their
opinion was in the majority (Cohen’s d = 0.25, SE = 0.11, p < 0.05).
In other words, our findings show that the fear of engaging in a
toxic thread outweighs the fear of expressing a minority view in a
civil context, offering a nuanced extension to the spiral of silence
theory. In addition, we did not observe any effect between the topics
in their respective civil and toxic discourse groups.

Significant predictors for willingness to engage included a par-
ticipant’s history of posting on social media (Cohen’s d = 0.81, SE
= 0.24, p < 0.01) and their self-reported knowledge on the topic
(Cohen’s d = 0.77, SE = 0.15, p < 0.01).

4.2 Qualitative Findings

We present our qualitative findings on the influence of Al summary
tools, organised into five themes reflecting participants’ opinions.

4.2.1 Positive Views Towards the Al Summary Tools.
Perceived Usefulness and Effectiveness: Participants perceived
the AI summary tools as effective and useful for understanding the

comment section of the Reddit threads due to its ability to identify
key talking points to grasp the (perceived) majority view of the on-
line public (thus seeing social media as a window for viewing what
society thinks). Forty participants provided a positive response to-
wards the Al summarisation tool, as they thought the tool “worked
well” (P7gotn) or “worked very well” (P11Narratives), and eighteen
participants expressed that the tool was useful, with claims that:
“It was helpful to see the summarised information first before filter-
ing through the conversation comment by comment. It was kind of
like having bullet points to focus on beforehand.” (P105Narratives)-
As conveyed by the aforementioned quote, thirty-six participants
specifically found the summarisation of the comment section help-
ful in providing an overview for both sides of the argument. As
stated by P39Narratives: 1 felt that AI had a great deal on helping
me decide on whether I support the topic or not. It provided clear infor-
mation on both sides.” Moreover, five participants perceived benefits
of being presented arguments from both sides in a “neutral tone”
(P82p;sp), particularly for “emotionally charged issues” (P24go:p)-
Additionally, fifteen participants found that the tool effectively
“condenses complex topics” (P53 Narratives & P82posn) by “providing
clarity” (P70Narratives), Which made it easier for them to under-
stand the topic of the posts. Subsequently, six participants stated
that this tool saved them time from reading the threads: “The tool
made it very easy to grasp the main points being made in the thread.
Saves you the time you would use to go through each comment.”

(P67Narratives)-

4.2.2 Limitations and Risks of Al Summary Tools.

Concerns toward Al Tool Usage: The main concerns expressed
by participants towards the Al summaries was whether they felt it
was needed in an era where Al and a lack of human oversight is be-
coming more prevalent in social media. Three participants disliked
the tool as they felt they “do not need it” (P87percentages)> and three
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participants found the summarisation tool to be inaccurate. Four
participants expressed concern over the usage of these tools as it
could potentially be influenced by bots, in addition to the perceived
drawback that the summaries are “people’s opinions and not facts”
(P71Narratives)- One rare subtheme identified by two participants
was the conformity risk of these Al summaries: “It was a nice tool
that saves the user from having to read every comment to see the
"vibe" of the comment section. Right after the title and picture you
get a statistic from the ai tool that gives you the general consensus of
the comments. It was nice, but also can provide initial bias to people
who are not informed on the topic. If a topic is 90% negative and 10%
correct perhaps the viewer will see the statistic and lean towards the
majority side if they are a close minded person and follow the pack
mentality.” (P129Percentages)~

Reservations Related to the Summarisation of Comments:
Participants appreciated the tool’s perceived neutrality and utility
as a proxy to the comments, though at the risk of losing conver-
sational nuance. Seven participants voiced doubt in the summari-
sation of the comment thread as nuance or the tone of individual
comments could have been overlooked: “The AI summarisation
tool provides a clear and concise overview of complex topics, which
is helpful for quickly understanding multiple perspectives. It sim-
plifies the process of digesting large amounts of information and
makes it easier to engage with diverse viewpoints. However, I believe
it could benefit from including more nuanced details or context, as
sometimes the summaries feel too brief to fully capture the depth of
certain arguments.” (P110g,;,)- Subsequently, this could potentially
cause further discussion comments to be superficial: “The tool is
effective for providing concise, focused insights on complex topics. It
does a good job of distilling key points while maintaining a neutral
tone. It’s helpful in situations where quick understanding is needed,
but the summaries might lack some depth for deeper discussions.”
(P91percentages)- Two participants expressed concerns over such
tools helping platform fringe issues, highlighting that, “it can be a
helpful way to see reasons on both sides of an argument, but some
‘arguments’ shouldn’t really have two sides.” (P1Narratives)-

4.2.3  Influence of Al Summary Tools on Personal Judgement.
Interpretation of Majority Consensus: The Al tools acted as a
proxy for identifying the perceived ‘ground truth’ of the majority
opinion, with participants relying more on the Al than on their own
analysis of the polarity of the comment section. Six participants
reported that the Al summarisation tool helped them interpret
the “dominant perspective” (P116 Narratives) that subsequently al-
lowed them to “spot which comments aligned with which perspective”
(P24go;p). Participants found this particularly beneficial for being
aware of the overall sentiment prior to engaging with the thread:
“It was pretty helpful! I liked that I was able to see a broad view of
the tenor of the conversation beforehand” (P56percentages)- Addi-
tionally, five participants further explained that the tool “helped
support opinions and discussions” (P10Ngrratives) thus expediting
the formation of their personal opinions: “The summaries captured
the key points and tone of the discussions fairly well, which helped
me form or reflect on my opinions faster.” (P28 percentages)-
Perceived Objectivity: Overall, participants found the tool as
objective and balanced, despite often incorrectly estimating the
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level of polarisation in the AI summaries only condition. Eighty-
nine participants found the Al summarisation tool to be “fair” or
“balanced”. Some found that the neutral tone was “.especially valu-
able for contentious subjects like the Russia-Ukraine ceasefire or semi-
automatic rifle bans.” (P82p,:1,). However, one participant pointed
out a preference for the tool to reflect the tone of the threads: Tt
didn’t characterise the tone of the discussions in the threads. The Musk
thread was mostly insults. Very aggressive. The Fukushima discussion
was intelligent and filled with healthy discourse. The Al treated both
equally. Not great.” (P116 N arratives)-

5 Discussion

In this paper, we show that individuals exhibit more substantial
opinion shifts when exposed to Al summarisation tools. As such,
our findings offer a double-edged sword for HCI research. On one
hand, our qualitative findings identified the tool as a helpful aide to
quickly identify common narratives, help improve reading compre-
hension, and contribute to their opinion-making process. On the
other hand, this very process risks reinforcing echo chambers and
group mentality by entrenching division (via visualising the per-
centages), or oversimplifying nuanced topics through summaries
as presently seen on Facebook [60], X [68], and Reddit [91].

Thus, in this section, we outline the implications of the tools
in enhancing social conformity and its role in social media as a
result of our study, the challenge of detoxifying conversations and
its ethical implications, as well as the overall implications for HCI
researchers and platforms themselves. We then conclude with the
limitations and future work in the field of Al-assisted tools for social
media platforms.

5.1 The Role of Individualism and Group
Dynamics in the Use of AI Summary Tools

Our findings reveal a contrasting divide: while most participants
subjectively experienced the tools as aids for individual opinion-
making (perceiving them as helpful and neutral), our quantitative
results show that they really function as instruments of group
coercion. The presence of both Al tools increased the percentage of
participants conforming to the majority opinion from 34% to 42%.
To deconstruct this divide, we relate back to our research questions:

RQ1: How do Al-generated summaries of ideological per-
spectives in social media threads influence users’ opinions?

Making the majority opinion explicit using the Al percentages
tool significantly intensified social conformity compared to the no-
Al control group, even though both groups had the ability to ‘check
for themselves’ and identify the level of polarity in the comments.
This aligns with Social Identity Theory [33], since the quantified
percentage acted as a form of heuristic social proof (joining in for
what is seen as ‘right’ by the majority, as applicable in the polarised
threads) that made the in-group more visible and salient, which
triggered a desire for social validation through normative influence.
The fact that our percentages and narratives tool had any effects
on user opinion is concerning given the rapid development and
deployment of Al in social media with zero regard as to how it
could impact our democratic discourse and opinions. Designing Al
for social media comes with great responsibility for its noteworthy
ability to influence electoral outcomes and offline polarisation [8,
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25, 57, 97]. Platforms could incorporate informational summaries
that include both factuality assessments and percentages of political
leaning, thereby promoting group perceptions that are grounded
in accuracy and awareness of ideological bias. However, social
media platforms currently only offer informational summaries and
warnings on cases of false information (mis/disinformation), unlike
narrative summaries in all comment sections [60]. Thus, platforms
should disclose and be cognisant of the potential biases that these
models can have on public opinion, as discussed in this research,
rather than engage in the critiqued techno-solutionism of placing
Al in all aspects of social life [12].

Furthermore, while Al narrative summaries did not depolarise
participants, they did moderate the magnitude of opinion change
by creating a false balance effect, similar to the issue of climate
denialism found online due to the disproportionate information
online [13, 96].

RQ2: To what extent do Al-generated summaries of ide-
ological perspectives impact users’ likelihood of engaging
with a social media thread?

The Al tools did not significantly affect participants’ desire to en-
gage/respond to the thread; instead, overall thread toxicity was the
most powerful predictor. This challenges the primacy of the Spiral
of Silence theory [64], where the anticipated emotional cost of en-
gaging with toxic discourse on a polarising thread topic outweighed
the benefit of participation. Interestingly, platforms that require
real names are more prone to the spiral of silence effect due to
the potential for offline/real-world consequences [34, 88, 90], while
username-based pseudo-anonymous platforms typically cause the
opposite effect, that people become emboldened to share their oppos-
ing views. This contradicting effect is known as the online disinhi-
bition effect [99], referring to how online anonymity can embolden
otherwise hidden views when communicating online compared to
in-person or identity-attributable platforms. One potential expla-
nation for the lack of participants’ desire to engage in our pseudo-
anonymous subreddits could be due to the nature of the questions
relating to politics and the documented mental burn-out observed
after the 2024 election leading to disengagement from these top-
ics [1]. Overall, while we did not observe any significant difference
within each topic in their respective civil/toxic categories, the effect
of toxic discourse in a thread stifled their willingness to engage
compared to the civil discourse threads.

In addition, our qualitative data highlighted that participants ap-
preciated the ‘neutral tone’ of summaries for making the topics feel
more approachable, while one noted that the AT’s failure to capture
a thread’s ‘aggressive’ tone was a flaw. This implies that a sum-
mary’s ‘self-censorship’ can end up sanitising the conversational
tone but can foster engagement.

This finding presents a core design dilemma for platforms: if a
summary sanitises a thread with toxic discourse, it provides a false
belief of a productive discussion, which can erode user trust when
they scroll through and encounter hostility. Conversely, accurately
reflecting toxicity may reinforce a negative feedback loop, where
we observed that by showing users the high-polarity of a thread
through the Al percentages tool, it made them more likely to be
polarised on the thread, thus making it challenging to break free
from polarisation. Navigating this trade-off between representa-
tional accuracy and user engagement is a central ethical challenge.
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This may point to future work in adaptive interfaces, where users
could observe factual informational summaries first from an Al
tool, before setting their preference for the summary of the conver-
sations (e.g., “Show me the polite version” vs. “Show me the raw
discussion”), allowing for more user agency in navigating online
discourse.

5.1.1 Balancing Informational and Social Conformity Push and
Pulls.

To mitigate the pull of group consensus, the future objective of Al
summarisation tools should consider encouraging critical opinion-
making at multiple stages of user interaction: before a user opens a
thread, while they are reading informational sources (news sources,
statement-of-facts etc.), and as they engage with others’ opinions.
The current blunt approach of summarising entire conversations, as
seen by Meta [60], X [68], and Reddit [91], only offers social but not
necessarily informational conformity. A more nuanced approach
would involve deploying different types of summaries and percent-
ages that help users distinguish between verifiable information and
social opinion. For instance, platforms could provide summaries of
factual claims (with integrated fact-checking), alongside analytics
on the sources being cited (e.g., the percentage of news sources cov-
ering the topic and their political leaning). This would separate the
analysis of information from the analysis of public opinion.

Research into prebunking/inoculation of conformity remains
sparse for Al summarisation tools. Nonetheless, Roozenbeek and
van der Linden identified that participants who played an online
game designed to teach common misinformation tactics (e.g., emo-
tional language, polarisation) were later more resistant to mislead-
ing comments and content [86]. Likewise, community notes offer
an example of an informational source summary, which appear
below the post but above the comments [111]. As opposed to in-
teractive experiences, Ecker et al. identified that explicit warnings
and notes had a weak to moderate effect at reducing the spread
of polarised threads containing misinformation [21]. Thus, social
media platforms must consider implementing multiple safeguards
while not eliminating the ease and purpose of implementing AI—to
summarise and not over-complicate things. After all, participants
perceived the tool as most useful and effective to determine whether
to read, or how much effort to put into reading, an online thread—as
they could ascertain the content of the discussion in the condensed
summary. However, beyond embedding safeguards, participants
highlighted the need for nuance and tone/irony detection.

Al summarisation tools can also represent a potential vector for
manipulation as our findings display their ability to persuade and
shape opinions, which Fogg et al. frames as ‘captology’ technolo-
gies [22]. For example, a political campaign could microtarget users
with threads whose Al summaries are curated to show a manufac-
tured consensus, relying on a ‘both sides’ approach to platform
and mainstream a fringe political view. This could inadvertently
normalise and platform fringe beliefs, which could make them more
palpable by the population due to its false perceived popularity.
Our results highlight this risk in our Al narratives only condition,
where participants misconstrued the real proportion of commenters’
opinions despite having the time and ability to read the comments
themselves as they overrelied on the Al narratives tool (Figure 9).
This presents a significant design challenge for platforms: how can
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summaries provide ‘at-a-glance’ overviews of conversations that
users desire without this data becoming a tool for conformity? If
they provide both contexts of the proportion of commenters’ beliefs
with the narrative summaries, then this reinforces the conformity
towards the majority group—but one can ask if this is any better? If
used maliciously, such a feature could be considered a ‘dark pattern’
in social media’s UX design [29], deceptively steering user opinion.
This points toward a need for research into counter-persuasive
interfaces that could encourage users to read a random selection of
comments first before showing the group consensus.

5.2 AD’s Role in Detoxifying and Reframing
Contentious Conversations

Beyond conformity, one of the main concerns of Al summaries is
whether to platform ‘both sides’. Embodying this claim was the
following participant statement: “both talking points would be given
equal weight, leading a person to find inaccuracies treated with le-
gitimacy. That’s dangerous. Racist messages and outright lies are
given validity with this AI tool” Thus, Al summaries platform all
available perspectives, including those that may contain misin-
formation or those that are extreme/outside of society’s accepted
range of political beliefs. Social media platforms should take note
of these findings lest Al summaries inadvertently alter users’ per-
ceptions of the truth (without robust fact-checking integration) or
consensus (which could platform harmful content). Nonetheless,
the issue of platforming minority or new opinions vs. what consti-
tutes ‘harmful’ perspectives is a contentious area of fact-checking
and algorithmic-design research [28, 38, 39, 55]. Furthermore, our
participants identified that the neutral, analytical and objective
framing of the narrative summaries made the tool seem more trust-
worthy and fair, particularly in the toxic threads, at the expense of
losing the ability to capture the thread’s animosity and tone. As
such, analysing and summarising online argumentation helps users
prepare counter-arguments by understanding the main points in a
conversation without the unnecessary insults/toxicity, similar to
related work in using AI to summarise debates to help students
prepare informative rebuttals [49], or using Al as a tool to help
promote critical thinking by detoxifying comments and identifying
key areas of disagreement to resolve [28, 75].

Thus, the balance between addressing toxicity, misinformation
and whether to platform certain ideas should be the role of an inde-
pendent tool to avoid delegitimising the authenticity and utility of
an objective Al summariser. After all, there is little utility of a biased
Al summariser as its role is to simply condense and summarise the
sentiment and opinions of the debaters.

Nonetheless, some participants doubted the ability of any Al to
remain impartial when summarising information—raising concerns
on what talking points and information to prioritise in a condensed
summary which may lack nuance. This scepticism points to a deeper
issue: the impossibility of true neutrality in summarisation. Every
decision about what to include or exclude, how to frame arguments,
and what language to use inherently involves value judgements
that reflect the biases of both the Al system, even without specific
developer intervention.
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Future work should explore balancing nuance with community
involvement in Al narrative summaries, potentially through a Del-
phi method for automated summaries—starting with a baseline sum-
mary, allowing anonymous community engagement, and polling
users of different persuasions to verify the veracity of summary
variants to create a more reflective summary that each side can
agree to. Thus, summaries would be decentralised and deliberative,
rather than risking opaque or even malicious summaries by vested
parties. This is particularly notable with the rise of preprogrammed
responses in LLMs as seen in the global geopolitics of LLM de-
velopment [42, 65, 119]. Furthermore, summaries could delineate
between verified fact-checked information summaries vs. opinion-
based ‘sides’, both with the human-in-the-loop community-based
verification. Exploring these approaches, before deploying them
live, would further ensure that social Al tools become responsi-
ble AT tools and help protect against inadvertent consensus-driven
polarisation.

5.3 Implications for HCI Research and Practice

Our results fundamentally demonstrate that Al summary tools can
enhance the persuasive effect of social conformity from comment
sections. This is of particular concern as social media platforms
deploy summariser tools in the hopes that it helps reading compre-
hension and the analysis of long and potentially toxic discussion
threads, but neither companies nor researchers have considered
the role these tools can have in exacerbating social conformity
or polarisation. Moving forward, industry and HCI researchers
must consider the psychological consequences of Al tools before
deploying them publicly, particularly due to the risks to democratic
integrity that saturating social media with AI could have in reshap-
ing our political perceptions. Highlighting this potential for abuse,
X’s integration of the Grok chatbot included a “programming error”
that led to it providing summaries platforming holocaust denial [42],
and propelling topics such as the alleged ‘white genocide’ in South
Africa on unrelated topics [44], with the latter being claimed by
xAI as the result of an unauthorised modification by a rogue em-
ployee [17, 84, 112]. Resolving these issues requires explainability
and attribution for summary-bot designs, such as transparent open-
sourced prompts to display how the bot produces its summaries, as
well as UX design considerations—such as providing informational
summaries to enable users to form an early opinion before reading
a separate delineated summary of social opinions.

Given the conformity effect we found on Al-generated per-
centages, developers should consider time delays or an option to
explicitly click-to-request a summary or percentage breakdown to
encourage users to think critically before emotively or impulsively
reacting to the group mentality promoted by these Al tools. Simi-
larly, Masrani et al. found that delaying additional posts in a heated
debate reduced opinion polarity, toxicity, and promoted healthy on-
topic discussions [59]; where future work should investigate if this
conversational trend transfers when analysing comment sections.

5.4 Limitations and Future Work

Our study simulates online discussions where users hold strong one-
sided pro- or anti-topic opinions across six threads with either toxic
or civil discourse. In doing so, we follow related work in simulating
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online conversations to control for the potential confounds such as
the commenters’ academic knowledge, English-language compe-
tency, and post length, to ensure that each pro and anti topic com-
ment had approximately the same conditions/weight as each other,
utilising the current state-of-the-art GPT-4.5 language model [69].
Moreover, our simulation approach addresses the ethical issue of
in-the-wild social media experiments, given the backlash of a 2025
study in which researchers deployed synthetic Al tools and posts
on Reddit without obtaining consent, ultimately resulting in both
reputational and ethical repercussions [98]. Overall, our study pro-
vides the foundation for how Al summarisation tools can reinforce
social conformity in a clear and controlled manner. Future work
should also consider the degrees of agreement (such as percent-
ages of strong agreement vs. neutral or mild dis/agreement) to test
the role of nuance and changing opinions (from the commenters
themselves) as a factor of future Al summarisation design.

Likewise, simulating pro- and anti- topic GPT-4.5 prompts en-
sures that we can generate and verify that each post reflects the
correct stance and to ensure the percentages we use for the ‘Al
tool are correct. However, Al summariser tools are still limited
based on the performance of the language model, which can still
have issues understanding uncertainty [69], cultural nuance [108]
or layers of meta-irony often found to evade Al-driven content-
moderation systems or for memetic culture (e.g., taking an extreme
stance deliberately to highlight its obscenity) [27, 28, 93]. Thus,
future work should consider the potential damaging consequences
of how incorrect assessments of threads, such as classifying a thread
as majority for a topic when it is actually against, can have in the
battle for social conformity. This could open interesting findings,
as participants in our study had the ability/time to read the sum-
maries and ‘verify’ themselves by reading the comments. If there
were to be a disconnect between these Al tools and the real ground
truth comment section, this could further highlight our societal
risk of over-reliance on Al systems, and undermine our social and
democratic cohesion.

Our study highlights salient examples of threads with toxic or
civil discourse to balance the coverage of topics (including local
and international news) and destructive/constructive discourse in
threads where they are most likely to occur. While this design
balances topical diversity and time (to prevent reading fatigue,
which could undermine our results), future work should consider
threads that lie in-between civil threads and the higher-stakes ‘fate-
of-the-nation’ threads with toxic discourse (e.g., Russia-Ukraine
war). Focusing on variations of discourse civility/toxicity across
topics would further our understanding of the dynamics of Al tools
on shaping user opinion.

In addition to testing cases where opinions may be split, the
effect of confounds such as karma and style of replies should also
be observed to test how Al tools shape perceptions across different
formats and platforms. For instance, while our focus is on the Reddit-
style ‘post, comment-reply’ format, other threads or platforms may
foster deeper or shallower-style conversations. While Reddit typi-
cally has 1-2 levels of reply depth as replicated [23, 109], debating
platforms such as Kialo target long 1 vs. 1 debate chains [45], while
real-time streaming platforms like Twitch target quick shallow-
depth comments without sub-replies. Thus, for studies that go
beyond social media comment sections and into the streaming space,
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future work could draw inspiration from the real-time opinion
visualisation tool such as “The Worm’—a tool for gauging an audi-
ence’s opinion and displaying it in real-time as previously used in
televised debates in the UK [18], US [19], Australia [3], and New
Zealand [30]. However, critics oppose the use of these real-time
individualised opinion aggregation tools due to the risk of under-
mining critical thought and reinforcing groupthink, delegitimising
the role of informational conformity as reflected in our study [19].

6 Conclusion

As we enter a world where Al appears everywhere, the risks to our
critical thinking and individualism come under threat. Whether
Al in our media enables a potential dystopian groupthink depends
on whether researchers and industry investigate its potential risks.
Our investigation on the role of these social media tools, both
summarising percentages of agreement and narrative summaries,
highlights the role they have in reinforcing social conformity and
enhancing polarisation (for the AI percentages tool), as well as the
potential to hinder/reduce opinion changes (for the AI narratives
tool). As these tools shape our opinions and perception of polari-
sation online, developers should consider mitigations that occur
before, during, and after a user engages with a social media thread.
Our findings highlight the need to develop Al tools that accentuate
factual informational conformity and critical thought before users
view comment summaries, with the objective to help the user create
their own opinion independently based on factual evidence, rather
than abiding by the conformitive normality of the social media mob
mentality.
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A GPT4.5 Prompts Used

The following section includes the GPT-4.5 prompts used to gen-
erate the synthetic subreddit threads, as well as the AI narra-
tives summary tool’s responses. The Al percentages tool’s agree-
ment/disagreement percentages originate from the number of com-
ments selected from the comment prompt (e.g., generating 10 pro-
stance comments, compared to 20 anti-stance comments, and using
this proportion to generate our percentages bars).

<TOPIC PREMISE> refers to the parent post’s premise statement
provided in subsection 3.1

A.1 AI Narratives Summary Tool Prompt

<TOPIC PREMISE>

<TOPIC COMMENTS>

Imagine you are a AI-bot that summarises the overall narratives
(on the topics) and perspectives of the users arguing on the Reddit
thread. Summarise the cases that supports the post (i.e., <AGREEMENT
STANCE->) vs. opposes the stance of the post (i.e., <DISAGREEMENT
STANCE>). Limit to around 50 words per stance and keep it polite and
formal starting with "<Opponents, Supporters> believe that that...".
Give percentages of how many comments support or oppose the topic’s
premise.

N.B. the final sentence acts as a sanity/manipulation check to
ensure that our prompt could identify the stances in the comments
provided to it to capture the correct stances to make its narrative
summaries.

A.2 Comment Prompt

Create a synthetic reddit thread on the following debate topic: <TOPIC
PREMISE>

In this experiment, there are two types of conversations: civil (fair
and logical/evidence-driven argumentation and concessions across
both sides, with evidence), and toxic (includes logical fallacies and ad
hominem attacks, offensive statements, and profanity, with evidence).
All posts should be realistic to how redditors speak. Keep each reddit
comment to under 150 words each, leaning towards 50-100 words for
each separate comment or reply.

Each reply must have two toxic comments where one must <SUP-
PORT, OPPOSE> and the other must <SUPPORT, OPPOSE> the com-
menter. Create <NUMBER OF COMMENTS TO GENERATE> main
<TOXIC OR CIVIL TOPIC> comments. For each main comment, all
comments/replies should be <TOXIC, CIVIL>. Give each comment a
custom Reddit username.
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