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Abstract

Generative Artificial Intelligence (AI) tools are increasingly deployed across social
media platforms, yet their implications for user behavior and experience remain
understudied, particularly regarding two critical dimensions: (1) how AI tools
affect the behaviors of content producers in a social media context, and (2)
how content generated with AI assistance is perceived by users. To fill this
gap, we conduct a controlled experiment with a representative sample of 680
U.S. participants in a realistic social media environment. The participants are
randomly assigned to small discussion groups, each consisting of five individ-
uals in one of five distinct experimental conditions: a control group and four
treatment groups, each employing a unique AI intervention—Chat assistance,
Conversation Starters, Feedback on comment drafts, and reply Suggestions. Our
findings highlight a complex duality: some AI-tools increase user engagement
and volume of generated content, but at the same time decrease the perceived
quality and authenticity of discussion, and introduce a negative spill-over effect
on conversations. Based on our findings, we propose four design principles and
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recommendations aimed at social media platforms, policymakers, and stake-
holders: ensuring transparent disclosure of AI-generated content, designing tools
with user-focused personalization, incorporating context-sensitivity to account
for both topic and user intent, and prioritizing intuitive user interfaces. These
principles aim to guide an ethical and effective integration of generative AI into
social media.

Keywords: Generative Artificial Intelligence, Human-Computer Interaction,
Controlled Experiment, Large Language Models

Introduction

The rapid integration of artificial intelligence (AI)-driven text generation tools into
social media platforms is reshaping how users create and engage with content, raising
new questions about their effects on the quality and dynamics of online interac-
tions [1, 2]. AI writing tools notably reduce barriers to content creation by lowering
required effort and expertise. Although these technologies are increasingly adopted
across sectors such as journalism [3, 4], education [5], and creative industries [3],
their potential impact is particularly pronounced in social media contexts. Social
media platforms play a central role in shaping public discourse, influencing democratic
engagement, and enabling rapid, large-scale dissemination of information and ideas [6].
Therefore, introducing AI into these platforms may reshape dynamics of interaction,
authenticity, and nature of online discussions [7, 8]. AI in social media can be seen not
only as a functional writing aid but as an infrastructure that shapes epistemic and
normative aspects under which content is produced, amplified, and perceived as legit-
imate in online settings [9]. From an epistemic perspective, AI models can support
generation of misleading content by enabling users to distort or manipulate informa-
tion, producing plausible but fabricated text [9]. From a normative context, AI models
can reshape value considerations, including fairness, bias, equitability, and auditabil-
ity, thereby influencing how users evaluate credibility and authenticity, and whether
they engage with content [9]. This reflects a broader perspective that AI systems are
not neutral or separate from human values, but intricately intertwined into society and
influencing it [10, 11]. This suggests a duality where AI can improve productivity while
triggering negative social consequences [12]. In this context, previous studies high-
light the promise of AI assistance in advancing human creativity [13], increasing user
engagement [14], and facilitating broader inclusivity in online discussions [15, 16]. Yet,
this optimism is tempered by concerns about potential drawbacks, such as declining
content quality [17], proliferation of misinformation [18], and diminished authenticity
of user interactions [19]. AI systems should support human decision-making rather
than replace it [10, 20].

Empirical evidence quantifying how AI assistance reshapes online participation
dynamics, content quality, and user perceptions remains scarce, particularly in realis-
tic, platform-integrated scenarios [21]. Addressing this critical gap, our study provides
empirical insights through a controlled experiment conducted on a realistic social
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media platform. We approach the debate about AI-assisted content creation from two
complementary perspectives: first, how AI assistants in social media affect the expe-
rience of content producers, and second, how these interventions shape consumers’
perceptions of content. Our experiment fills a crucial gap by directly assessing how AI
assistants transform both producer and consumer experiences on social media.

We conduct the experiment using a custom-built platform that closely simulates an
online chat room resembling discussions on common social media forums. A represen-
tative sample of 680 U.S. participants is partitioned into groups of five people, who are
then randomly assigned to one of five conditions: one control (no AI assistance) and
four non-overlapping treatment conditions, each featuring distinct AI interventions
previously proposed for enhancing online interactions. These interventions include (1)
an open-ended Chat with an AI assistant [22], (2) AI-generated reply Suggestions with
varying stances (agreeing, neutral, disagreeing) [7, 23], (3) AI-driven Feedback on com-
ment drafts [5, 24], and (4) AI-generated Conversation Starters [25]; interventions are
described in more detail in the Methods section and in “AI Prompts and Settings”
in the Supplementary Information (see Fig. 1 for platform screenshots). Together,
these interventions represent a comprehensive range of AI-based approaches consid-
ered by both researchers and industry practitioners for enhancing online interactions.
Specifically, the four tools were selected to systematically vary along two dimensions
of human-AI interaction [26, 27]. The first dimension is initiative: assistance can be
reactive, requiring user requests (Chat and Feedback), or proactive, with the system
anticipating user needs given the context (Suggestions and Conversation Starter). The
second dimension is task orientation: the AI can generate new content (Suggestions,
Conversation Starter, and Chat) or refine user-authored content (Feedback and Chat).
This taxonomy captures meaningful variation in human-AI collaboration, as initiative
affects user autonomy and cognitive burden, while task orientation influences content
authenticity [28].

To assess the heterogeneity of the interventions’ effects across topics, participants
sequentially discuss three randomly-ordered topics—ranging from conversational (dogs
vs. cats), to scientific (health benefits of oats), to political (universal basic income)—
with each topic limited to a 10-minute interaction. We assess various proxies for
user engagement and quality of experience through questionnaires before and after
participation, and further track participants’ interactions on the platform—including
comments, reactions, and AI usage—to comprehensively evaluate how AI interventions
impact both content producers and consumers.

Overall, our findings indicate that AI assistance substantially influences both user-
generated content quality and consumer perception, although with notable variation
across interventions. AI-supported participants demonstrate increased engagement
and content production metrics, but these improvements are associated with nuanced,
sometimes negative, shifts in consumer perceptions and reactions. Critically, no sin-
gle AI tool enhances both producer and consumer experiences, highlighting complex
trade-offs.

AI interventions generally increase participants’ willingness to engage and improve
aspects of content creation from the producer perspective. Participants using the Chat
and Suggestions features notably report that the AI would increase their willingness
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Fig. 1: User interface of the experimental platform. a, Main discussion thread.
b, Conversation Starter. c, Comment modal. d, Feedback tool. e, Suggestions tool. f,
Chat assistant.
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Fig. 2: Producer value results (left column) and consumer value results (right
column). a, Change in responses to “AI suggestions can make it more likely for me
to participate in online discussions” (1-5 Likert scale) before and after the study. b,
Likert-scale responses to “I found the comments from other participants to be informa-
tive and high-quality”. c, Average comment length in words. d, Individual user ratings
of replies received on their own comments. e, Participation equality measured using
normalized Shannon entropy based on participation distribution per round. f, Distri-
bution of reaction types (Like, Love, Funny, Dislike) across conditions. †p < 0.10; *p
< 0.05; **p < 0.01; ***p < 0.001. Effect sizes (Cohen’s d) are reported in Table 1. For
details on statistical tests and bootstrapping procedures, see Supplementary Informa-
tion.
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to participate in online discussions, compared to control (Fig. 2a). Additionally, all AI-
supported tools significantly increase the average length of user comments (Fig. 2c).
Participation equality among users, measured by normalized Shannon entropy based
on the proportion of comments per user in each round, noticeably improves under the
Conversation Starter intervention, indicating more balanced participation (Fig. 2e).

Regression analysis for each treatment condition indicates that only Conversa-
tion Starter significantly increased the likelihood of receiving a reply (β = 0.300, p =
0.021). The Conversation Starter is designed to lower barriers to initiating engage-
ment, and is therefore most naturally used early in discussion threads where comments
have higher visibility and more time to attract replies. The other AI-tools (Chat,
Feedback, Suggestions) showed positive but non-significant signals (see Supplementary
Information, “Post-hoc Regression Analyses on Treatment Impact of Reply Like-
lihood”). These non-significant effects may reflect that the tools support content
refinement and ideation throughout the discussion rather than encouraging early-stage
comments benefiting from greater visibility and response opportunity. Although Sug-
gestions is proactive in providing content to use directly, it is designed for continuous
use throughout the discussions, whereas Conversation Starter is intended specifically
to initiate engagement.

From the consumer perspective, none of the AI interventions improve user percep-
tions compared to the control condition. Participants perceive comments to be less
informative and lower quality in both the Chat and Conversation Starter conditions
compared to control (Fig. 2b). Similarly, users rated replies to own comments signifi-
cantly lower in all but the Suggestions condition, which uniquely show positive, though
weakly significant, ratings compared to control (Fig. 2d). All AI treatments signifi-
cantly increase ‘Dislikes’, consistent with the lower quality and informativeness ratings
observed. Open-ended feedback supports this pattern, with participants describing
content in the AI-assisted conditions as “robotic” and “generic”. Suggestions is the
only treatment to evoke more ‘Love’ reactions (Fig. 2f).

Together, these findings highlight a critical duality: although AI interventions
broaden participation and increase the volume of content, they also risk creating
“semantic garbage” perceived as lower quality than human-generated text [29] and
degrading the quality of subsequent human conversation once AI is introduced to a
thread. This pattern aligns with prior work on AI-assisted communication affecting
authenticity and effort [11, 12]. Our experiment stands as one of the first direct tests
of whether AI can genuinely elevate online discussions or merely amplify low-quality
interaction in a way that clouds its potential benefits—an outcome our evidence sug-
gests is more likely. In exploratory regression analyses assessing whether demographics
(age, gender, sex, education, and political affiliation) would alter these results, we
observe only minor effects that did not reach statistical significance (see Supplemen-
tary Information for additional details). With 130-140 participants in each condition,
the number of individuals within demographic subgroups is likely too small to reliably
detect moderating effects. Alternatively, we speculate that demographic gaps in the
use of AI are narrowing as the technology becomes more accessible and widely adopted.
Recent work from OpenAI suggests demographic differences in ChatGPT adoption
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Metric Fig. Treatment N Control µ
[95% CI]

Treatment µ
[95% CI]

p Cohen’s d
[95% CI]

∆(pre–post) 2a Chat 123 0.27 [0.10, 0.43] 0.67 [0.46, 0.88] 0.004 0.37 [0.12, 0.63]

∆(pre–post) 2a Suggestions 117 0.27 [0.10, 0.43] 0.56 [0.35, 0.76] 0.032 0.28 [0.02, 0.54]

Rating (1–5) 2b Chat 124 4.08 [3.93, 4.22] 3.85 [3.67, 4.03] 0.060 -0.24 [-0.49, 0.02]

Rating (1–5) 2b Conv. Starter 124 4.08 [3.93, 4.22] 3.79 [3.61, 3.97] 0.014 -0.31 [-0.56, -0.05]

N words 2c Chat 1334 18.8 [17.8, 19.8] 28.6 [27.2, 30.00] <0.001 0.43 [0.35, 0.51]

N words 2c Suggestions 1795 18.8 [17.8, 19.8] 27.8 [27.0, 28.5] <0.001 0.52 [0.45, 0.60]

Rating (1–5) 2d Conv. Starter 988 3.63 [3.55, 3.71] 3.39 [3.31, 3.47] <0.001 -0.20 [-0.29, -0.11]

Rating (1–5) 2d Suggestions 1014 3.63 [3.55, 3.71] 3.74 [3.66, 3.82] 0.053 0.09 [0.00, 0.18]

Shannon
Entropy

2e Chat 79 0.89 [0.86, 0.91] 0.91 [0.90, 0.93] 0.064 0.29 [-0.02, 0.61]

Shannon
Entropy

2e Conv. Starter 84 0.89 [0.86, 0.91] 0.92 [0.90, 0.94] 0.028 0.35 [0.04, 0.66]

Proportion,
Love

2f Suggestions 1248 0.44 [0.42, 0.47] 0.51 [0.49, 0.53] <0.001 0.14 [0.08, 0.20]

Proportion,
Dislike

2f Chat 126 0.03 [0.02, 0.04] 0.07 [0.06, 0.08] <0.001 0.17 [0.10, 0.23]

Table 1: Statistics and standardized effect sizes for key treatment and con-
trol comparisons from Fig. 2. For each sub-plot, we report control and treatment
means with 95% confidence intervals estimated via bootstrap resampling, p-values,
and Cohen’s d with 95% confidence intervals. N denotes the number of observations.
For a complete table with all statistics and effect sizes, see “Detailed Results and
Effect Sizes for Main Text Fig. 2” in Supplementary Information.

have decreased over time [30], which could contribute to the lack of demographic vari-
ation found in our study. Future studies with larger samples would be needed to more
accurately assess whether demographic variations moderate AI use and perceptions.

How are the AI tools used?

Building on the duality—AI interventions boosting participation yet risking polluting
conversation with low-quality content—we also uncover nuanced differences in how
participants employed each tool. Usage patterns are far from uniform and often reflect
the tools intended design and conversational context. These variations merit closer
auditing, both to clarify which AI-aid paradigm holds the most promise for meaningful
engagement and to guide future employments and refinements. Figs. 3a-d and 4h-
i detail key usage patterns (see the AI Usage Analysis section and “AI Usage” in
Supplementary Information for details on the analyses).

Chat provides flexibility but engagement varies across context

For the Chat feature, we find widespread adoption, with 94.4% (n = 118) of treat-
ment participants engaging at least once with the AI, resulting in a total of 960 user
prompts (Fig. 3a,b). Users predominantly interacted with the AI for topic-related,
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informal, exploratory dialogue (Casual Queries, 34.9%, n = 335)—for instance, in
the Cats discussion: ‘One of my cats getting stuck in a jar’. However, a substantial
proportion of queries was used for Fact Checking (24.1%, n = 231), highlighting the
AI’s role as an informational resource. Additionally, smaller proportions of interac-
tions involved Engagement (13.0%, n = 125), referring to instances where users sought
assistance with crafting responses. A similar share of prompts involved Political Dis-
cussions subjects (11.9%, n = 114), reflecting users interest in issues with political or
societal implications. Disaggregating the usage patterns by topical context, the nature
of the engagement with the AI strongly vary: casual queries dominated the lighter
subject of Cats (46.4%, n = 159), whereas participants primarily used the AI for fact
checking in the scientific conversation of Oats (40.4%, n = 131), and for political dis-
cussions in the divisive topic of Politics (37.5%, n = 110). This adaptability suggests
that participants tailored their AI-usage to the tone of each conversation. The fea-
tures’ flexibility and the users’ likely familiarity with the interface contributed to the
observed increases in engagement and production metrics. Yet, this may have induced
verbose contributions, as reflected in longer sentence lengths (Chat : 28.59 words, vs
Control : 18.76 words), which could explain the relatively low perceived quality and
informativeness of comments, compared to the control condition (see Fig. 2b).

Conversation Starters lower barriers to entry but are often
misaligned with user intent

The Conversation Starter feature, designed to spark initial engagement or enrich
ongoing interactions, was used by 71.7% (n = 91) of participants at least once,
resulting in a total of 345 uses (Fig. 3c,d). When applying these starter suggestions,
participants predominantly used open-ended or exploratory hints (Questions, 32.3%,
n = 115). Yet a notable share of user comments (27.5%, n = 98) diverged from the
AI-generated Conversation Starters entirely, suggesting users often dismiss the AI rec-
ommendations. This pattern of selective adoption was consistent across topics—usage
rates around 52-54% for all subjects—reflecting a stable preference for exploratory,
curiosity-driven engagement regardless of the conversational context. Although the
Conversation Starter did help lower barriers to participation, user behavior and
questionnaire answers suggest the aid regularly misaligned with their communication
goals.

Feedback refines arguments in high-stakes discussions but is
ignored when stakes were low

Participants’ integration of AI-generated Feedback varied substantially by topic,
reflecting diverse user priorities across context (Fig. 4e-g). In the casual Cats discus-
sion, users typically made minimal or no textual changes after receiving AI feedback,
with 41.7% of cases (n = 50) showing no edits to the original comment before sub-
mitting. By contrast, in the scientifically grounded Oats discussion, users more often
revised their comments, often incorporating Structural Changes (18.8%, n = 22) or
making Informational Updates (17.8%, n = 18). In Politics, the most common revi-
sions involved Argumentation (17.3%, n = 19), highlighting the AI’s role in supporting
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debate-oriented discourse. Overall adoption of the feedback feature was high (74.8%,
n = 98), with a total of 331 uses, although per-topic usage ranged between 49.6% and
57.9% of the participants. These patterns indicate that users engaged with the Feed-
back tool more frequently on contexts where credibility, persuasion and clarity seemed
most important, reflecting an intrinsic motivation for rhetorical strength.

In divisive contexts, users prefer AI suggestions that express
agreement

The Suggestions feature, which offers context-dependent responses across agreeing,
neutral, or disagreeing stances, showed moderate adoption (64.3%, n = 83), with a
total of 1, 197 generated suggestions selected (Fig. 4h,i). Overall, participants predom-
inantly selected agreeing suggestions (48.6%, n = 582), with neutral (30.0%, n = 359)
and disagreeing (21.4%, n = 256) responses selected less often. Users’ preference for
agreement varied by topic sensitivity: participants favored agreeing responses more
strongly in higher-stakes or sensitive topics (Oats: 51.1%, Politics: 51.3%) compared
to the less contentious topic (Cats: 43.3%). This pattern suggests a tendency to avoid
divisive positions on controversial discussions, whereas disagreeing stances were more
acceptable in lighter, low-risk conversations.

Participants value supportive AI but want more personalization

When asking participants for open-ended feedback on the AI tools after the study
(n = 245 participants submitted written responses in the optional feedback field),
users consistently emphasized the value of AI assistance for generating ideas, clar-
ification, and initiating engagement—in particular when they felt “lost for words.”
Despite differences across tools, users frequently described the AI as helpful for fact
checking, comment reflection, and simplifying the process of contributing to the con-
versations. The tools would also help keep interactions constructive. In contrast,
participants felt the AI content lacked authenticity and came across as overly generic,
and requested more personalization of the AI—such as adapting to users’ style and
context. Users reported that the Chat feature was useful for fact checking or explor-
ing unfamiliar topics, noting that it made them feel more informed and confident
in joining discussions. Still, some found the responses unnaturally formal or robotic.
The Conversation Starter was valued for inspiration, especially for posing questions,
but was also described as impersonal. The Feedback feature helped users reflect more
deeply on their comments, though some noted that this could become exhausting or
overly analytical. For Suggestions, users appreciated the simplicity and effectiveness in
enabling quick replies. This made engagement more accessible, but some users found
the suggestions impersonal.

How to move forward

These results entail important implications for the deployment of generative AI on
social media platforms. Although participants in the treatment conditions produced
more content, they often recognized it as generic, impersonal, and of lower quality.

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Such reduced perceived authenticity diminishes trust and informational value—risks
that align with recent concerns about AI-assisted content flooding digital platforms
with low-quality text [31–33]. A central concern is that widespread use of generative
AI may saturate platforms with superficial or generic content, diluting the visibility
and impact of more original contributions—and, as our findings suggest, lowering the
quality of subsequent conversations within threads, even among users not using the AI
themselves. With AI systems more deeply integrated into social platforms, elements of
dependability, transparency, and ethical aspects must be addressed to cultivate trust
in AI [10]. One way to increase trust is for users to calibrate their reliance on AI based
on the system’s capabilities and limitations [34].

Nevertheless, our findings show conditions under which AI tools may enhance
public discourse. Participants valued the AI for idea generation, clarity, and initiating
engagement—particularly in perceived high-stake or cognitive demanding topics. If
tools are developed with greater personalization, contextual awareness, and stylistic
nuances, they could support more inclusive and constructive interactions—particularly
for individuals typically hesitant to engage in public discussions. To guide ethical and
effective deployment, we propose four design principles:

1. Appeal of optional use and transparent disclosure: Our findings suggest that
AI tools are most positively received when offered as optional. Across all treatment
conditions, usage patterns indicate selective engagement. In the Chat condition,
participants submitted an average of 3.36 to 3.55 prompts per round, with only
13–16% of their final comments showed direct textual overlap. This suggests that
users primarily engaged with the tool for ideation, clarification, or rhetorical guid-
ance rather than direct copying. Similarly, for the Conversation Starter, only
between 16% and 19% of submitted comments overlapped with AI suggestions—
indicating that users often adapted, modified, or disregarded them based on text
quality or alignment with their intent. The Feedback tool, although more cogni-
tively demanding and less widely adopted, proved highly effective when used: in
over 89% of cases where participants used the tool when composing a comment,
they subsequently submitted it to the discussion.

These behavioral signals are mirrored by open-ended survey responses. Partic-
ipants reported appreciating AI support for generating ideas, retrieve information,
and overcoming initial writer’s block. Most treatment participants indicate they
would use such tools if integrated into existing social media platforms (mean ratings
on a 1-5 Likert scale: Chat : 3.97, Conversation Starter : 3.54, Feedback : 3.82, Sug-
gestions: 3.94). At the same time, users noted easy identification of AI-generated
content in others’ posts—often describing the text as robotic, generic, or impersonal
in the open-ended feedback. This perception was also found in the exit survey: the
proportion of participants believed by the other users to use AI tools ranged from
from 13.8% in the control group to 37.7-43.6% across treatments (Control: 13.8%,
Chat : 38.9%, Conversation Starter : 37.7%, Feedback : 39.1%, Suggestions: 43.6%).
This perception of diminished authenticity highlights a core challenge: although AI
can reduce cognitive barriers and enhance participation, overuse may erode trust
in the overall discourse.
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Together, these insights motivate a core design principle: transparent disclosure
paired with user autonomy. In particular, content directly copied from generative
AI tools should be clearly labeled [35, 36], as such use might affect perceptions of
authenticity. However, more nuanced uses—such as revising a draft with AI assis-
tance or drawing inspiration from AI suggestions—may not require explicit labeling.
Platform policies should account for these distinctions and support user agency
in deciding how and when to engage with AI content. With this, platforms can
preserve perceptions of authenticity [37], improve trust in human-AI interaction,
and accommodate diverse user preferences. This aligns with broader algorithmic
accountability where clearly defined responsibility and liability are established [10].

2. Personalization: Across conditions, participants reported a desire for greater per-
sonalization of AI-generated content, more closely reflecting their individual voice,
tone, and communicative intent. In the open-ended feedback, 34 participants explic-
itly described the AI responses as overly generic, noting it often felt impersonal.
These perceptions are reflected in participants’ ratings of comment quality and
informativeness, as well as their assessments of replies received to their own com-
ments, with treatment groups rated lower than the control (Fig. 2b,d). This suggests
that although AI can support content generation, failing to adapt to user-specific
context and style may lower perceived value of the interaction. Notably, in the Feed-
back condition—where users are guided in refining their own comments—we observe
an increase in perceived value alignment with other participants, an increment from
33.9% to 42.5% (see “Ratings of Users and Comments” in Supplementary Informa-
tion). This may indicate that tools enabling reflective personalization, rather than
generic generation, could cultivate better identification and resonance among users.

These behavioral and perceptual patterns underline the importance of AI sys-
tems that adapt to individual users. Future tools should incorporate stylistic
adaptation and learn from prior interactions to provide outputs that is perceived
personal, relevant, and authentic.

3. Contextual awareness, flexibility, and authenticity: Effective AI support in
social media conversations requires responsiveness to the context of the discussion.
In our study, participants engaged with the AI in varying ways depending on topic
sensitivity.

In the Chat condition, users most often engaged the AI with casual, topic-related
prompts during the cats vs. dogs discussion—asking open-ended questions that
reflected a conversational, informal, and low-effort use of the tool. In the scientific
Oats discussion, participants frequently used the AI as an informational resource,
asking for facts and clarification. In contrast, political discussion queries were most
common in the political topic, where users asked for reflections, viewpoints, and
pros and cons—using the AI more analytically to explore perspectives and argumen-
tative reasoning. This adaptive usage suggests that participants naturally attuned
expectations for AI based on the conversational subject. In the Suggestions con-
dition, users preferred agreement responses in the higher-stakes oats and politics
discussions, but were more willing to express disagreement or neutrality in the
cats topic. In the Chat condition, 12 out of 58 participants who provided open-
ended AI-feedback specifically noted that the AI tool was helpful when engaging
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with unfamiliar topics—–supporting that AI can lower barriers to entry in online
discussions. However, participants reported lack of personal style and authentic-
ity, mismatching individual demands in the conversation. This points to a central
design challenge: fixed-responses that ignore topical and personal risk undermining
authenticity and usefulness of AI-assisted content.

These findings motivate a design principle for AI tools to embed and understand
contextual sensitivity. This imply adjusting conversational intent, adjusting tone,
stance, and formality based on topic domain and personal preferences. Informality
may help in trivial discussions, but scientific or political contexts appeal toward
factual elements, rhetorical nuances, and societal understanding. Systems that fail
to accommodate such topical diversity may reduce trust or suppress meaningful
engagement. Flexibility and authenticity—grounded in both topic and user intent—
should be central to the development of socially integrated AI systems on social
media. Platform designers should encourage awareness and transparency about
biases within AI systems, recognizing that no system can be truly objective or
fair [10].

4. Familiar and user-friendly interfaces: Ease of use is central in the adoption
and effectiveness of AI tools for content creation on social media platforms. In the
Chat condition, designed with a familiar and low-friction sidebar interface, we find
the most wide adoption (94.4% used it at least once). In contrast, the Feedback,
Conversation Starter, and Suggestions tools, showed lower adoption rates (Feed-
back : 74.81%, Conversation Starter : 71.65%, Suggestions: 64.34%). This underlines
the trade-offs between tool abundance and user effort. These behavioral and per-
ception perspectives affirm the importance of intuitive and convenient interfaces in
encouraging tool engagement. Participants in the Chat and Suggestions conditions
find these tools as more supportive overall—reporting that they made participation
easier, felt more intuitive to use, and led to higher-quality contributions—compared
to those using Feedback and Conversation Starter (see “Supplementary Figures”
in Supplementary Information).

Altogether, these findings support a key design principle: simplicity and famil-
iarity in user interfaces are vital to enhance adoption and usage. When AI tools
are embedded seamlessly into platform workflows—with easy entry points and low
interaction costs—they are more regarded as a supportive mechanism rather than
disruptive. Future implementations should prioritize clarity and accessibility by
embedding AI tools into the natural flow of conversation, minimizing user effort
without sacrificing optional depth.

To more deeply understand the dynamics of AI-assisted interactions, future work
should build on this experimental foundation by scaling across time, platforms, and
population. One critical extension involves capturing temporal AI tool usage—how
engagement patterns change over longer exposure, whether the innovation effects
diminish, and how personalization adapt over longer interactions. Expanding the sam-
ple size would also support more robust cross-treatment comparisons and enable
better analysis of subgroup diversity. Deploying similar interventions on other social
platforms—within controlled environments—would offer deeper ecological validity and
understanding of how AI tools affect different social ecosystems online. Our study
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establishes a baseline for controlled experimentation with integrated AI support
for content-creation, but continuous progress requires research across diverse online
environments.

An ethical deployment of AI tools on social media necessitates continuous audit-
ing. This includes not only how user data is processed and how model biases are
mitigated, but also how such tools may affect and reshape collective behavior over
time. Additionally, transparency in AI usage, guardrails to prevent misinformation and
marginalization, and mechanisms for user control must be built into deployments [18].
As AI tools are introduced into social media environments already optimized for
sustained engagement, they may further influence conversational dynamics. Our con-
trolled experiment captures short-term, user-level interaction dynamics. Long-term
effects of AI assistance on social media will emerge through cumulative patterns of
use, repeated exposure, and feedback loops. Even subtle interventions—such as nudg-
ing users toward agreement or increasing comment length—may gradually change
conversational norms, influence tone, speed of engagement, and the inclusiveness of
discussions. Recent work demonstrates how prolonged interactions with AI can amplify
pre-existing biases, although unbiased AI systems can effectively improve human judg-
ments [38], suggesting that long-term effects may depend on bias mitigation. Most of
today’s AI systems are black-box algorithms with limited transparency of decision-
making. This lack of transparency can undermine trust and challenge accountability,
in particular in high-stake contexts [10]. As we find, AI lowers barriers to participa-
tion, and has also been found to improve individual creativity, though at the cost of
collective content diversity, potentially amplifying generic perceptions of AI-assisted
content [39]. Initial negative perceptions might decrease over long-term exposure as
users gain familiarity. However, this normalization could alternatively imply reduced
vigilance as use and exposure become standard [40], particularly as authenticity per-
ceptions shift when AI involvement is disclosed [41]. From a cognitive perspective,
long-term AI assistance can support mental offloading when solving tasks. At the same
time, AI limits active recall and problem-solving, which are essential for cognitive
development [42]—a trade-off described as desirable difficulties, where elements that
are challenging to learn yield better long-term retention [43]. Societal impact remains
uncertain, but AI tools can alter how persuasive, sensitive, or political content dis-
seminates, with potentially impactful consequences for the fragile integrity of public
discourse.

AI content-generation tools are naturally becoming a fundamental layer of digi-
tal interaction. Our findings highlight both promise and risks. When designed with
transparency, personalization, and contextual flexibility, these tools can lower cogni-
tive barriers, broaden participation, and support more inclusive engagement. But if
deployed without careful consideration of their emergent effects, social media platforms
risk saturating public discourse with generic, inauthentic content, undermining quality
and trustworthiness of online conversations. The future of democratic communication
online will depend not only on the capabilities of AI tools, but on how thoughtfully
they are embedded into the social communicative ecosystem of digital platforms. Eth-
ical integration of AI requires interdisciplinary collaboration ranging philosophy, law
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social sciences, and computer science to develop systems that prioritize human values
and societal benefits [10, 20].

Methods

In our experiment, participants progressed through a structured experimental flow.
After providing informed consent, they (i) completed a pre-survey assessing demo-
graphics and attitudes toward social media and AI. Participants were then (ii)
onboarded to the platform and the task via instructions and a demonstration video,
(iii) engaged in three 10-minute discussions in randomized order, (iv) completed a
post-study survey evaluating their experience and rating content and other partici-
pants, and (v) finally received their compensation token. Full experimental details,
survey questions, distribution of answers, seed content, and evaluation are available
in the Supplementary Information.

All methods were carried out in accordance with relevant guidelines and regula-
tions. University of Michigan Institutional Review Board (IRB) approved the study
protocol (HUM00258995). Participants were compensated $9.50 USD for an estimated
45-minute session, corresponding to an hourly rate of $12.66.

Platform Design

We built a custom online discussion platform to simulate a typical forum-based social
media environment, adopted into Empirica [44] to handle experiment logistics (see
Fig. 1 for platform screenshots). The design was inspired by platforms like Red-
dit with threaded conversations and lightweight user interaction. Participants could
post comments and react using seven emoji-based responses (like, love, dislike, angry,
wow, sad, funny), with “love” set as the default. A U.S.-representative sample of 680
participants—recruited via Prolific between January 3 and January 21, 2025—was
randomly put into groups of five to mimic small-group online discussions and maintain
experimental control (Prolific optionally supports recruitment of U.S.-representative
samples based on key demographics such as age, sex, ethnicity, and political affiliation.
See https://researcher-help.prolific.com/en/article/e6555f). Each group was randomly
assigned to one of the five experimental conditions: a control group with no AI assis-
tance, or one of the four AI-assisted treatment conditions. Participants interacted only
within their assigned group and had no prior knowledge about the other users. Each
group engaged in three 10-minute discussions on different predefined topics on varying
social sensitivity and complexity: one trivial (cats vs. dogs), one scientific (health ben-
efits of oats), and one political (universal basic income). To control for order effects,
the sequence of topics was randomized across groups. We source the initial seed data—
the content shown at the start of each 10-minute discussion—from existing Reddit
threads [45–47]. Each comment displayed a timestamp, interactive buttons for com-
menting and reacting, visual indentation to indicate thread structure, and a parent
ID referring to the comment it responded to. Reactions would be shown to all par-
ticipants but without identification of who reacted. New comments were highlighted
with a brief alert and a “new” tag lasting one minute to support real-time flow.
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The platform was designed to minimize distractions and reduce cognitive load,
allowing participants to focus on the conversation. The setup ensured controlled con-
ditions while preserving key elements of real-world online discussions. Before entering
the discussion platform, participants were shown a brief onboarding interface introduc-
ing the platform and their task. This included a written description of the discussion
structure and a short demonstration video showing how to navigate the platform,
post comments, and react to content. For participants assigned to AI-assisted condi-
tions, additional instructions were provided explaining the specific tool available. The
demonstration video included a walkthrough of how to access and use the AI feature.
During each 10-minute discussion round, we log user activity at the individual level,
including comments posted, reactions given, and use of AI-tools.

AI Tools

To test the impact of different paradigms of AI assistance in social media discussions,
we integrated four distinct AI tools into the platform. Each tool was designed to reflect
approaches to AI-assisted communication found in academic literature and commercial
products. All tools were powered by GPT-4o and with a custom prompt tailored to
each intervention (see “AI Prompts and Settings” in Supplementary Information).
Participants were not informed which AI model was used in treatments or whether
any content they encountered was AI-generated.

Chat. The Chat tool allowed for open-ended interaction with an AI assistant
through a sidebar window displayed alongside the conversation thread (Fig. 1f). Par-
ticipants could engage with the assistant up to eight times per discussion topic. The
interface supported informal querying, idea generation, and clarification, giving users
flexibility to steer the interaction as desired.

Conversation Starter. The Conversation Starter generated AI-suggested open-
ings for participation, aimed at lowering barriers to entry and stimulating discussion
(Fig. 1b). The tool was accessed through a separate button on each comment. The
conversation starting suggestions were context dependent but could include follow-up
questions, engaging comments, and reflective or contextual statements.

Feedback. The Feedback tool offered real-time guidance on draft comments prior
to submission (Fig. 1d). Once users began typing a comment, they could click on a
dedicated “AI Feedback” button to receive tailored suggestions on how to improve
their comment. The feedback varied based on context and comment draft, but could
include ideas to clarifying arguments, add personal anecdotes, or maintain a balanced
tone. The feedback appeared inline below the draft comment, and users could receive
three rounds of feedback per comment.

Suggestions. The Suggestions feature provided three AI-generated replies—each
adopting a distinct stance (agree, neutral, disagree)—in response to any selected
comment (Fig. 1e). The tool was accessed through the comment modal. Participants
could regenerate a new set of suggestions up to three times per comment, allowing
them to explore alternatives before selecting a reply.
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Each of these tools was embedded into the platform interface to mirror familiar social
media interactions while maintaining clarity and minimalism. The tools were designed
to be optional, harmoniously integrated into the platform, and supportive of the
natural flow of the discussion.

Questionnaires

Pre-study Questionnaire. The pre-study questionnaire gathered demographic
information (age, gender, education level, occupation, and political affiliation) and
attitudes toward online discourse and AI. Participants reported their typical engage-
ment with social media, perceived quality of online discussions, trust in user-generated
content, and perceived barriers to participation. Responses were recorded using
multiple-choice items and five-point Likert scales. Participants were also asked about
their attitudes toward the use of AI on social media platforms. This included perceived
impact of AI on participation, comfort, content quality, misinformation, toxicity, polar-
ization, and the need for regulation. These questions also used Likert-scale responses.
The full set of questions is provided in Supplementary Information under “Pre-study
Questionnaire”.

Post-study Questionnaire. Following the experiment, participants answered a
second survey capturing their experience on the platform. This included questions
about how their participation compared to typical online behavior, their perceptions of
quality, and trust in other users. Participants in AI treatment conditions were asked to
evaluate the usefulness, quality, and relevance of the AI tool they used. Users were also
invited to provide open-ended feedback on their experience with the AI and the plat-
form. To assess perceptual changes, participants answered the same questions about
AI on social media from the pre-study questionnaire. This allowed us to quantify shifts
in attitude as a result of the experiment. Finally, participants were asked to evalu-
ate the quality of social interaction in their group. They rated 10 replies received on
their own comments using a five-point scale to assess the value in the discussion. They
also evaluated the other participants in their group on perceived politeness, engage-
ment, political agreement, shared values, use of AI, and whether they might be a bot.
Full set of questionnaire items is provided in the Supplementary Information under
“Post-study Questionnaire”.

Evaluation

We evaluated both behavioral engagement and perceptual effects across producer and
consumer perspectives, using a combination of tracked user behavior and self-reported
measures from the questionnaires. We used Shannon entropy to measure participation
equality within each group, based on the proportions of comments made by each user in
a given round. Details on this calculation are provided in Supplementary Information
under “Participation Equality (Normalized Shannon Entropy)”. We also tracked AI
tool usage, allowing us to assess adoption patterns. To evaluate the perceived quality
of the interactions, we analyzed responses from the post-study questionnaire.

For all behavioral and perceptual metrics—including questionnaire responses,
entropy, comment length, comment ratings, and distributions of reaction types—we
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used nonparametric bootstrapping with resampling to estimate uncertainty around
group-level means. To test for differences between treatment and control groups, we
used permutation tests for Likert-scale and ordinal responses, and two-sided t-tests
for continuous measures.

We also performed regression analyses to estimate the impact of treatment con-
ditions and participant demographics on behavioral and perceptual measures. First,
for each treatment group, we fitted a separate generalized linear model with a bino-
mial distribution to assess the likelihood of a comment receiving a reply. Independent
variables capture discussion dynamics at the time of commenting, including topic (cat-
egorical), normalized time remaining in the discussion, comment depth, number of
active users (defined as users who had posted at least once), number of prior com-
ments, and whether the AI tool was used. Second, we conducted a series of ordinary
least squares regressions to examine how demographic characteristics—age (≥ 45),
gender (female or not), education (college degree or not), occupation (full-time employ-
ment or not), and political affiliation (Republican, Independent, Democrat)—as well
as treatment group, predicted two types of outcome variables: (1) differences between
pre- and post-study responses to questions on AI Related to Social Media, and (2)
user ratings of replies to own comments. Detailed information and statistical results
are reported under “Supplementary Material” in Supplementary Information.

AI Usage Analyses

To better understand how participants use the AI tools, we developed a structured
classification pipeline tailored to each interaction. For Chat, Conversation Starter, and
Feedback, we first constructed taxonomies of typical uses based on manual inspection
of user interactions. We then used OpenAI’s o3-mini-2025-01-31 to classify the
individual tool uses according to these taxonomies.

For the Chat tool, we inspected submitted user-prompts and construct a taxon-
omy of eight broad prompt types—casual queries, fact checking, engagement, political
discussions, how-to requests, argumentation, sentiment and context analysis, conspir-
acy—plus an other category, each with a short description. The LLM then classified
all prompts into these categories.

A similar approach was used for the Conversation Starter : an LLM classified which
of the AI-generated conversational suggestions directly inspired a user’s submitted
comment. The Conversation Starters were categorized into ten broader themes—
practical advice and suggestions, personal experiences and anecdotes, animal behavior
and intelligence, research and science discussions, reflections, debating, comparisons,
humor, sharing thoughts, questions, and other.

For the Feedback tool, we identified how participants revised their comments in
response to the AI feedback. We defined a taxonomy of seven revision types—structural
changes, informational updates, argumentation, lexical changes, engagement enhance-
ments, stylistic adjustments—plus categories for other and no change. The LLM
classified the type of revision by comparing the user’s initial draft the submitted
comment.

Finally, for the Suggestions tool, we directly logged which of the three AI sug-
gestion stances (agree, neutral, disagree) the participants selected. This classification
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framework formed the basis of the usage patterns reported in Fig. 3a-d and 4e-i.
Full prompt structures and category definitions are detailed under “Supplementary
Materials” in Supplementary Information.
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