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Abstract

Representation shapes public attitudes and behaviors. With the re-
cent advances and rapid adoption of LLMs, the way these systems
are introduced will negotiate societal expectations for their role in
high-stakes domains like health. Yet it remains unclear whether
current narratives present a balanced view. We analyzed five promi-
nent discourse channels (news, research press, YouTube, TikTok,
and Reddit) over a two-year period on lexical style, informational
content, and symbolic representation. Discussions were generally
positive and episodic, with positivity increasing over time. Risk
communication was unthorough and often reduced to information
quality incidents, while explanations of LLMs’ generative nature
were rare. Compared with professional outlets, TikTok and Reddit
highlighted wellbeing applications and showed greater variations
in tone and anthropomorphism but little attention to risks. We
discuss implications for public discourse as a diagnostic tool in
identifying literacy and governance gaps, and for communication
and design strategies to support more informed LLM engagement.
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1 Introduction

It is our use of a pile of bricks and mortar which makes
it a ‘house’; and what we feel, think or say about it
that makes a ‘house’ a ‘home’. In part, we give things
meaning by how we represent them — the words we
use about them, the stories we tell about them, the
images of them we produce, the emotions we associate
with them, the ways we classify and conceptualize
them, the values we place on them. — Stuart Hall [36]

Large Language Models (LLMs) have rapidly captured public in-
terest and have been embedded in many everyday information
and communication systems like search engines [72, 80, 97]. In
the health domain, LLMs are being explored for tasks ranging
from communication assistance [50, 53] to decision support [103,
104]. However, evidence of these models’ significant risks also has
emerged, such as hallucinations and misinformation [17, 114, 120],
algorithmic bias [49, 66, 75], and the potential to erode critical
thinking and informed decision-making [46, 61, 101]. As such, (in-
ter)governmental organizations and unions like the World Health
Organization and the European Union have urged careful evalua-
tion and regulatory governance [30, 88].

A core reason these issues are so complex is that LLMs differ
fundamentally from prior information and communication tech-
nologies. Unlike traditional tools designed primarily to retrieve or
organize existing information, LLMs generate new content in a
probabilistic manner [106], popularly known as “next token pre-
dictors” [8]. This generative nature can create outputs that appear
authoritative yet lack verifiable grounding or consistency [114, 120].
However, due to lagging public literacy and regulatory oversight,
people’s interactions are guided by pre-existing mental models
and expectations shaped by prior technologies or even human re-
lationships, including tendencies to anthropomorphize LLMs as
intentional or emotionally aware [40]. As a result, users end up
experimenting with this new technology for various reasons, often
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in ways that are no longer appropriate or sufficient for understand-
ing and evaluating LLM outputs [118, 119]. When people perceive
LLMs as human-like or even human replacements, these flawed un-
derstandings can lead to real-world harms, as seen by the emerging
reports of LLM-infused systems being linked to criminal or suicidal
cases [26, 60, 111] and contemporary discussions of “Al psychosis”
as a new type or force of mental issues [60].

Given these technical shifts and the potential misalignment be-
tween how LLMs work and how people expect them to behave,
public discourse’s agenda-setting [69] function now plays an espe-
cial important role, as it “may not be successful much of the time in
telling people what to think, but it is stunningly successful in telling
its readers what to think about” [21]. With the rapid and wide adop-
tion of LLMs, people’s understanding of these tools’ capabilities and
risks will determine if they can mindfully and meaningfully decide
how to engage with them. Past work has shown that media not only
shape public perceptions of the salience of societal issues [69], but
also influence behaviors and evaluations of emerging technologies
and their potential impacts [23].

In other words, the way we introduce LLMs as an emerging
technology will influence public perception and set expectations.
Therefore, public discussions serve as both a proxy for public atti-
tudes and interests in LLMs and as a force guiding future percep-
tions. However, less explored is whether current narratives offer a
balanced view of both the potential and the limitations of LLMs.

We respond to this gap by analyzing and describing the pub-
lic communication of LLMs in health, a high-stakes domain that
touches everyone’s daily life. According to the agenda-setting the-
ory [69, 70], there are two levels of agenda-setting in messages: the
first-level agenda-setting is achieved through the “salience of issues”
that affects public exposure and attention, and the second-level
agenda-setting is delivered through the “attributes of issues” that
influence public comprehension and sensation. Drawing on this,
we examine both the salience of LLM-related issues by analyzing
which information elements are communicated in public discourse,
as well as the attributes of those issues by assessing the overall
stylistic presentation of messages and the symbolic representation
of message subjects (i.e., LLM entities). Specifically, this large-scale
quantitative analysis characterizes how public discourse introduces
the potential uses and risks of LLMs in the health domain across
different channels by answering the following research questions:

ROQ1. [Lexical style] What lexical tone and styles characterize
public discourse on LLMs?

RQ2. [Informational content] What information on narrative
framing, health subdomains, and risk disclosure is commu-
nicated in public discourse on LLMs?

RQ3. [Symbolic representation] To what extent are LLM enti-
ties anthropomorphically represented in public discourse?

To this end, we examined five prominent discourse channels
between December 2022 and December 2024, based on the release
date of ChatGPT (November 30, 2022) [2]. Each channel plays a
unique role in shaping perceptions: news articles, research press
releases, YouTube videos, TikTok videos, and Reddit posts. We col-
lected 62,783 items using keyword combinations that required at
least one health-related term and one LLM-related term, and re-
duced this to 21,773 items through LLM-assisted content filtering.
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We then studied the general trends and cross-platform differences
in lexical style, informational content, and symbolic representation.
Our results demonstrate that public narratives about LLMs in health
are generally positive and increasing so over time, and they are
mostly framed episodically by focusing on isolated instances rather
than broader societal or systemic implications. At the same time,
we observe a lack of a thorough introduction to or an overview
of LLM risks in public discourse. When risks are mentioned, they
are largely framed as information quality concerns, with rare ex-
planation of the generative nature that differentiates LLMs from
traditional information sources. Further, differences exist across
content creator types: layperson-driven platforms such as TikTok
and Reddit emphasize consumer needs and mental health care while
showing greater variations in emotional tone and anthropomor-
phism, yet are less likely to communicate risks. On the contrary,
professionally-authored content such as news articles and research
press releases focus more on clinical applications and are more
likely to situate issues within broader societal or systemic contexts.

Overall, this work makes three key contributions. (1) We offer
a large-scale and comprehensive examination of public discourse
across five different communication channels. To the best of our
knowledge, this is the first study to study discourse across both top-
down (professionally created) and bottom-up (publicly generated)
content on LLMs and their applications in health. (2) We categorize
six health subdomains where LLMs can be applied, which can guide
future research on understanding and evaluating LLM deployment
in health contexts. (3) We provide empirical evidence on the current
state of public discussions about LLMs and identify literacy and
governance gaps. We discuss the implications for using discourse
as a diagnostic tool to understand public perception and atten-
tion and for developing more effective communication approaches
and design strategies to support user agency and knowledge for
meaningful and mindful engagement with LLMs.

2 Related Work

2.1 Media Effects on Public Perceptions of
Emerging Technology

Media, ranging from mass media to social media, has long been
recognized for its role in both reflecting and shaping public per-
ceptions and attitudes [15, 69, 100]. For instance, media exposure
has been shown to drive public engagement in national conver-
sations [58], influence views on the importance and priorities of
regulatory issues [31, 55, 69], and can both inform [27, 37] and
misguide [28] the public.

With regards to emerging technology, media plays a key role in
communicating the sociotechnical risks and benefits [9, 67, 109].
Pubic discourse coverage can affect which aspects of a technology
are emphasized, which in turn shapes how the public evaluates
its value and impact. For example, public discourse can empha-
size or de-emphasize who is responsible for benefits and harms
of a technology, specific use cases of the technology, or the need
for regulation [109]. As a result, evidence from studies and opin-
ion polls suggests that public attitudes towards emerging tech-
nology can “mirror the news media’s stance” [6, 67]. Specifically,
prior work has studied media coverage of emerging technologies
such as nanotechnology [4] and AI [3, 44, 89], including relevant
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risks [3, 109] and technological issues [24]. Broadly, these works
have demonstrated that media tends to embrace a positive outlook
about new technology, focusing more on the benefits than the po-
tential risks [4, 112], although with some technologies this trend
has changed over time [109]. In the case of Al Ouchchy et al. [89]
found that media portrayals of Al ethics issues were shallow and
largely focused on practical implications.

2.2 Public Attitudes Toward LLMs and
Generative Al

Generative Al and specifically large language models (LLMs) are
unique as their use in consumer-facing products has been quickly
widespread [98], letting the public experiment with the technol-
ogy themselves ahead of adequate public literacy and regulatory
oversight. This public experience, alongside the rapid technolog-
ical development, likely changes both how influential the public
discourse is in perception formation and how the public discourse
covers the technology. As such, public narratives surrounding LLMs
and LLM-infused systems may be more participatory and reflective
of personal experiences than those surrounding prior emerging
technologies like nanotechnology.

Recent work has begun to explore public perceptions of Al-
generated content [52, 65] and perceptions of Al itself [20, 78].
However, overall findings remain mixed, and public attitudes were
found to vary across socio-demographic factors [78, 96]. Some work
points to skepticism toward Al-generated content. Kadoma et al.
[52] studied the perceptual harms of generative Al and found that
people tended to associate Al writing with lower quality. Other
studies have also shown negative perceptions about Al-generated
content. For example, Wang et al. [107] found that people felt neg-
atively about Al-generated art on TikTok due to both qualities
of the content itself (e.g., hyper-realistic or unsettling qualities of
the paintings) and principled stands against Al in art (e.g., “un-
fairly copying or appropriating the work of human artists”). On the
other hand, other research indicates favorable perceptions. Park
et al. [90] discovered that people perceived Al Instagram accounts
as more attractive and the quality of their content as similar as
influencer-created content. More broadly, Cheng et al. [20] found
that Americans generally viewed Al as warm and competent, and
this perception has significantly increased over time.

Overall, current work suggests that public attitudes toward Al
are neither uniformly positive nor negative, but instead context-
dependent. Evidence shows that both Al usage and attitudes are
mixed and vary across industries [105] and across populations [78,
96]. For instance, a global study of college students found that
students generally felt positive about using ChatGPT, but its use
varied across socio-demographic and geographic factors [96].

While these studies offer valuable insights into how the public
perceives LLMs and LLM-generated content, they largely focus on
specific platforms and contexts. There remains a gap in holistically
understanding how LLMs are represented across diverse discourse
channels, including both professional-led and public-driven sources.
Our study builds on prior scholarship by offering a large-scale
examination of both top-down (professionally created) and bottom-
up (publicly generated) content.
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2.3 LLMs and Generative Al in Health and
Healthcare

Besides the fact that people are experiencing LLMs before adequate
understanding and oversight, LLMs are also distinctive due to the
breadth of proposed use cases, ranging from general-purpose ones
such as LLM-infused search engines [84] to specific ones like LLM-
infused health record systems [59]. In this study, we focus on LLMs
within the high-stakes domain of health that influences people’s
daily life. In health, LLMs have been shown to have potential in sup-
porting a variety of tasks such as clinical documentation [103, 117],
medical question answering and reasoning [5, 82, 117], clinical de-
cision support [103, 104], therapeutic conversations [57, 99, 108],
and public health interventions [50, 51, 53]. In practice, LLMs have
already been implemented in existing systems or workflows, includ-
ing Electronic Health Records (EHR) systems [59], virtual agents
for dealing with domestic violence [68], and public health interven-
tions [50]. Further, public-facing LLM chatbots like ChatGPT are
being used for seeking health information [116].

Evidence so far suggests that perceptions of generative Al in
healthcare have been mixed but skew positive, similar to percep-
tions of generative Al in broader contexts. A study by Heinrichs
et al. [39] showed that Al in medicine is viewed positively, with
physicians reporting high Al enthusiasm and low Al skepticism. On
the other hand, though a randomized experiment, Yang et al. [115]
demonstrated that practicing clinicians perceived physicians using
generative Al as a primary decision-making tool as having “signifi-
cantly lower in clinical skill” Still, the same study supported general
enthusiasm about generative AI's use in healthcare. Others have
similarly suggested that patients have a positive view of generative
Al in health. For instance, through a large global survey, Busch et al.
[12] found that the majority of patients held positive views about
Al in healthcare. However, once again, perceptions varied widely
across socio-demographic groups and technical literacy.

2.4 Risks of LLMs and Generative Al

Despite the largely positive view of generative Al among the public,
researchers have raised concerns about the limitations and risks
of adopting LLMs in the real world. General issues include rep-
resentativeness of training data [113], privacy and security [118],
language and geographic disparities [49, 75], the generation of
inaccurate, biased, or toxic content [17, 62, 120], and the meaning-
fulness of evaluation metrics [113]. Because of these limitations,
questions remain regarding LLMs’ ability to meet clinical stan-
dards [38], avoid race-based medical misconceptions [85], attend to
emotional needs [99, 108], or handle high-stakes or high-intensity
cases [57, 99]. Such pitfalls are not simply technical challenges;
they may contribute to serious real-world harms, as seen by the
emerging reports of LLM-infused systems being linked to criminal
or suicidal cases [26, 60, 111].

Research has shown that people tend to struggle to recognize
technological changes and instead rely on perceived reliability [76].
In the case of LLMs, work has suggested that people tend to hold di-
verse and sometimes flawed mental models of LLM systems, which
are relevant to Al knowledge. Evidence has showed that people
tended to have overly simplified and erroneous mental models of
data handling and model mechanisms, which limited risk awareness
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and judgment [118]. People without basic Al literacy skills struggle
more in critically engaging with LLMs [93]. Regarding these gaps
in understanding and attitudes, research suggests that they are
relevant to Al literacy and societal framing. Studies have identified
polarization in AT attitudes linked to differences in technological
knowledge, with misalignment between AI influencers and the
U.S. general population [78] and especially strong polarization in
tech-centric communities [94].

What is worse, gaps in risk perceptions and Al literacy can be
amplified by society’s imbalanced representations of LLMs’ capabil-
ities and limitations, potentially leading to societal hype. Drogt et al.
[25] criticized claims of Al outperforming medical practitioners,
as much of the supporting evidence is not empirically convincing
or transparently reported. Global news media on Al risks also had
a skewed focus on societal, legal and rights-related risks, which
may leave the public with an incomplete understanding of potential
harms [3]. However, despite these findings, less is known about how
LLMs are framed and symbolically represented across channels of
discourse, leaving open questions about how conceptualizations of
a novel technology may shape public understanding and expecta-
tions. We respond to this gap by considering how societal issues
and Al’s identity are framed in public discussions.

3 Method

This study presents a large-scale, multi-platform analysis of how
large language models (LLMs) and their applications in health are
represented in public discourse. As shown in Fig. 1, we examined
five prominent discourse channels: news articles, research press
releases, YouTube videos, TikTok videos, and Reddit posts — each
playing a distinct role in shaping public understanding and at-
tention. Using health- and Al-related keywords, we first collected
data across these platforms and applied an additional round of
LLM-assisted filtering to ensure content relevance to LLM adoption
in health fields. Our analysis focuses on three key dimensions: (1)
Lexical style, which captures overall presentation style through emo-
tional tone and writing style; (2) Informational content, which ana-
lyzes the mentioning of specific information surrounding framing,
health subdomains, risk and mechanism disclosure; and (3) Sym-
bolic representation, which examines the framing of the AT’s identity
through the level of anthropomorphism attributed to LLM entities.
To assess differences across channels, we employed Kruskal-Wallis
H tests to compare distributions across groups for each dimension,
followed by Dunn’s post hoc tests with Bonferroni correction for
pairwise comparisons.

3.1 Data

We studied five distinct media sources: news articles, research press
releases, YouTube videos, TikTok videos, and Reddit posts. Each
source plays a unique role in shaping perceptions. To elaborate,
news coverage by journalists aims to make complex issues accessi-
ble to general audiences but may oversimplify nuances or overem-
phasize aspects that are more likely to resonate with the public. In
contrast, research press releases are official statements produced by
scientific organizations, such as universities and medical centers,
to share research findings with the general public. They represent
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more in-depth and expert-led coverage but tend to be less acces-
sible and have a narrower focus. YouTube, as a platform for video
content, serves as a space for both professional and user-generated
content, where discussions about LLMs can vary widely in terms
of depth and perspective. TikTok, with its younger user base [77],
presents a more informal, quick-hit style of content, and it may
prioritize entertainment over depth and objectiveness. Lastly, Red-
dit’s community-driven structure and pseudo-anonymous design
foster conversations among individuals with shared interests and
encourage more focused discussions about emerging technologies
and personal experiences with those technologies [94].

Ethics Statement: As we used publicly accessible data without
any direct interactions with individuals, this work did not require
institutional review board approval. However, we took careful atten-
tion in managing and presenting our data and followed the ethical
practices in social media research by removing deleted or removed
content and paraphrasing social media content quoted as examples.

3.1.1 Data Source and Collection: We collected public narratives in
English over a two-year period, from December 2022 to December
2024, based on the release date of ChatGPT (November 30, 2022) [2].
To curate related content discussing LLM for health, we used a
combination of health- and LLM-related keywords with an ‘OR’
operator within a category and an ‘AND’ operator across, ensuring
each item contains at least one LLM-relevant keyword (e.g., “lan-
guage model” or “ChatGPT”) and at least one health and symptom
term (e.g., “well-being”, “drug”, or “tingling”). The complete key-
word list can be found in Appendix A. These keyword was adapted
from search strategies in existing review studies and WHO-listed
health topic words [64, 86, 91]. For instance, Patel et al. [91] used
‘Generative AI/GenAl/Large Language Models” as the search terms
for systematic reviews. After several rounds of sanity checks by
the authors, keywords were refined by removing ones that over-
introduced false positives. For example, ‘gemini’ was replaced with
‘google gemini’ to avoid confusion with the word ‘gemini’ in astron-
omy. In total, we collected 62,783 items of articles, posts, and videos.
The data size for each source is presented in Table 1. Specifically,
data from each discourse channel was collected as follows:

e News: News articles were extracted from extended versions of
the NELA-GT [35] and NELA-Local [41] datasets using the same
collection pipelines, which include articles published by U.S.
national and local news media outlets. We limited media outlets
to those deemed reliable mainstream sources or mixed reliable
sources, based on the Media Bias Fact Check (MBFC) [18], an
independent resource maintained by researchers and journalists
to evaluate the bias and credibility of media sources. The goal is
to exclude fringe news without standard editorial oversight.

o Research Press: Research press release data was collected from
the EurekAlert [33] news-release distribution operated by the
American Association for the Advancement of Science. EurekAlert
hosts press releases produced by organizations that engage in
all disciplines of scientific research, such as universities, medical
centers, and government agencies.

o YouTube and TikTok: For video data, we first identified rele-
vant videos in English using YouTube Data API and TikTok Re-
search API, and then collected and transcribed identified videos
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Public Discourse of LLM Adoption in Health

(xevworo) 1, Keyword extraction

Co-occurrence of at least one LLM keyword and

NEWS
— at least one health keyword
- {“language model” OR “ChatGPT" OR ... } AND
News Research {“well-being” OR “drug” OR “tingling” OR ... }
Press
N = 62,783

o 0 @ TAGo) 2. Content filtering

JCLIC LRI ICH gecull LLM annotation on whether the content, in fact,

discusses adopting LLMs for health-related uses

N = 21,773
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Research Questions

LLMs are the doctors you
can !
just a message away.

Lexical Style
RQ1. What lexical tone and styles
characterize public discourse on LLMs?

She
uses ChatGPT to design
physical therapy exercises
after the knee injury.

Informational Content
RQ2. What information on narrative framing,
health subdomains, and risk disclosure is

It can communicated in public discourse on LLMs?
represent a threat to the
jobs it may replace.

Symbolic Representation

RQ3. To what extent are LLM entities
anthropomorphically represented in public
discourse?

Having ChatGPT watching
your back means that you
can spend less mental
energy tracking m

Figure 1: Overview of our study investigating how public discourse introduces LLMs and their applications in the health domain.
We collected pubic narratives from five prominent discourse channels, including news, research press, YouTube, TikTok, and
Reddit, between December 2022 and December 2024. Drawing on agenda-setting theory, we examined three core dimensions
of discourse: (1) Lexical Style: the overall presentation style of discourse through emotional tone and writing formality; (2)
Informational Content: how messages frame LLMs’ implications, risks, mechanisms, and potential across health domains; (3)
Symbolic Representation: the level of anthropomorphic representation of LLM entities.

for subsequent analyses. We decided not to rely on the transcripts
available through YouTube Transcript API and TikTok Research
API due to inconsistent transcription quality on YouTube API
and the inconsistent availability of built-in voice-to-text features
on TikTok APL Instead, we referred to prior work [81] and imple-
mented a video transcription pipeline using yt-d1lp to download
videos, ffmpeg to extract audio, and whisper [95] to transcribe
the audio content. This approach allowed us to collect transcrip-
tions for the majority of videos, except for 693 videos consisting
of pure music or no audio, 158 videos that were inaccessible
due to privacy restrictions, 169 videos with encoding issue that
prevented audio extraction, and 155 videos with gibberish con-
tent. Additionally, an internal TikTok API error ! prevented data
collection starting from August 18, 2024. We had submitted a
support ticket to TikTok, but the API internal issue was not
resolved at the time of writing and revision.

o Reddit: Reddit data was extracted from the widely used PushShift
dataset [7], with deleted and removed content excluded from
analyses. We only included the original submissions, not the
replies, to ensure sufficient context for analyses.

3.1.2  Content Filtering: While the above crafted keyword combi-
nation ensures the extracted content mentions words or phrases
about both LLMs and health, it is possible that such expressions
appear in unrelated contexts, such as “people abusing ChatGPT for
writing their essays.” Therefore, we conducted a round of targeted
filtering to ensure that the content, in fact, discussed adopting LLM
for health-related uses. We used GPT-40-mini [43] with few-shot
examples to assist this additional round of content filtering. We

ISimilar issue has been reported online: e.g.,
https://stackoverflow.com/questions/78731820/how-to-resolve-error-code-500-for-

tiktok-research-api; https://www.reddit.com/r/CompSocial/comments/1d8mdz5/tiktok_api/

Table 1: Descriptive summary of the number of items and
word length across the five channels of public discourse.

Items Length (# words)
Source (pre filter)  (post filter) Mean Median  Std dev
News 6 550 2254 115874 898 1247.01
Research Press 867 634 805.96 742 411.14
YouTube 6632 3559 5451.65 3228 8958.01
TikTok 9521 3272 276.07 228 234.29
Reddit 39213 12 054 510.81 297 697.64
62783 21773

referred to previous work [74] and set the temperature as 0.0, pro-
vided four examples (3 positive examples and 1 negative example),
and emphasized that annotations are based solely on the literal
writing of the text. The complete prompt is provided in the supple-
ment. For cases where the content exceeded the 128k token limit,
the articles were split into several chunks, and the annotation re-
sults were combined. After this targeted filtering, the final dataset
was reduced from 62,783 items to 21,773 items. Table 1 provides
a summary of item numbers and content length statistics across
the five sources. To assess the reliability of utilizing an LLM for
filtering articles, we sampled 100 articles across five data sources
for human annotation. The model performed well on this task with
an F1-macro score of 0.9 and Cohen’s k of 0.7947.

3.2 Lexical Style

To understand the overall presentation style in different discourse
channels portraying LLMs, we analyzed both emotional tone and
writing style, as these summary patterns would better capture
the overall communication styles than other direct word-category
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counts. We analyzed emotional tone to assess the pattern of affec-
tive expressions, to understand how different discourse channels
portray LLMs in emotionally charged or neutral ways. For this,
we utilized the Linguistic Inquiry and Word Count (LIWC) [102]
program, which is a validated psycholinguistic lexicon and has
been widely used in linguistic and social science research to study
emotional and cognitive processes in text [48, 120]. Emotional tone
is quantified on a continuous scale, with values close to 0 indicating
a highly negative sentiment, 50 representing a neutral sentiment,
and values approaching 100 corresponding to a highly positive
sentiment. Analytic style (or categorical-dynamic index, CDI [92])
captures expressions of abstract thinking and cognitive complex-
ity, which are associated with formal and logical thinking patterns.
Clout style reflects the prevalence of self-focused expressions that in-
dicate relative social status, confidence, and leadership, which tends
to capture perceived authority, confidence, and credibility and is
commonly studied in health communication and discourse [13, 53].
Lastly, authentic style indicates the level of spontaneous and non-
regulated language and is commonly used in self-disclosures.

3.3 Informational Content

Following our analysis of writing style, we analyzed three features
about the informational content: what health subdomains are men-
tioned, how each discourse channel frames LLMs in health, and if
and how risks and LLM mechanisms are disclosed in the content.

3.3.1 Framing Types and Dimensions. We analyzed how content
is framed by examining 1) framing type — whether the narrative
is framed episodically or thematically, and 2) framing dimension —
what broader policy-related themes are framed as relevant. These
two framing typologies were proposed by Iyengar [45] and Boyd-
stun et al. [10] respectively. Framing type focuses on how the story
is told, distinguishing between episodic and thematic approaches.
Specifically, episodic framing presents concrete information about
specific people, places, or events, often focusing on individual sto-
ries or case studies. On the other hand, thematic framing provides
a more generalized perspective on issues, placing stories in broader
political and social contexts. Framing dimension identifies frame
cues across 14 policy issues, categorizing the content within broader
societal and political contexts such as health, technology, or soci-
etal impact. To examine these framings, we used labels for both
narrative and issue framing from a dataset of 4500 manually anno-
tated data [71]. Then, for each type of frame, we built a multilabel
RoBERTa classification model, replicating prior work [71] to clas-
sify the frames in all items across the five discourse channels. This
model has been used in prior work to study gender violence in
news [73]. Using both the original definitions by Boydstun et al.
[10] and Iyengar [45] and the comprehensive codebook by Mendel-
sohn et al. [71], we annotated 100 items to evaluate the applicability
of this model on our dataset and found the model performed with
an F1-macro average score of 0.7761 (Precision: 0.8, Recall: 0.7536).

3.3.2  Risk and Generative Nature Disclosure. We considered whether
the content discussed the potential risks of LLMs and the differences
in mechanisms from traditional information technology. To assess
these aspects, we utilized a risk taxonomy focused on LLM adoption
for public health [119]. This typology was selected for its relevance
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to the health domain and its greater applicability compared to other
existing taxonomies. Based on focus groups with health profession-
als and individuals with experience in seeking health information,
this work identified distinctive characteristics of LLMs that differ-
entiate them from traditional information sources and summarized
potential negative consequences of adopting LLMs for health in-
formational needs [119]. The taxonomy identifies four risk dimen-
sions: (1) risks to individuals: how LLMs may negatively influence
individuals’ actions, decisions, and overall well-being, (2) risks to
human-centered care: how LLMs may undermine the relations and
systems of healthcare and social support network, (3) risks to the
information ecosystem: how LLMs may affect the people, technolo-
gies, and norms that shape the way information is produced, shared,
and evaluated, (4) and risks to technology accountability: how LLMs
may challenge existing mechanisms of oversight, regulation, and
security in technologies. In addition to the risk categories, we also
explored whether the content explained the generative nature of
LLMs (i.e., mentioning of probabilistic nature and limitations such
as no real understanding of content) compared to non-generative
Al or information retrieval-based systems [8, 106, 119].

We utilized GPT-40-mini [43] with few-shot examples to anno-
tate the presence or absence of each risk category and its genera-
tive explanation. This approach allowed us to efficiently scale the
annotation process across the corpus. Consistent with previous
task settings described above, we set the temperature to 0.0 to en-
sure deterministic output and provided four examples to guide the
model in making accurate classifications. To assess the reliability
of utilizing LLM for categorization, we randomly sampled 100 ar-
ticles across five data sources for human annotation, where risk
disclosure had an F1-macro score of 0.74 (Precision: 0.72, Recall:
0.79), and generative nature explanation had an F1-macro score
of 0.85 (Precision: 0.95, Recall: 0.80). To further examine poten-
tial model-specific bias, we conducted an additional cross-model
validation using gemini-2.5 on a random subset of 500 items.
gpt-40-mini showed slightly higher F1-macro scores with good
inter-model agreements, indicating stable annotation behavior on
our data. We report both the model-human evaluation (n = 100)
and model-model agreement (n = 500) statistics in Appendix 2.

3.3.3 Health Subdomain Prevalence. The potential applications of
LLMs in health span a wide range, from providing healthy lifestyle
advice to supporting mental health and professional medical train-
ing. Therefore, to understand the distribution and prevalence of
specific health subdomains mentioned in the content, we combined
human annotation with the use of GPT-40-mini [43] to scale up
the categorization across the entire corpus. Specifically, we began
by conducting conventional content analysis [42] to summarize the
health subdomains referenced in the content, based on a random
sample of 200 items that were equally distributed across the five
discourse channels. Two researchers independently reviewed all
the sampled items to establish a general understanding of the data.
Afterwards, they used an inductive and iterative approach to de-
velop new codes or categorize each instance into existing codes. In
the meantime, the codes were continuously revisited for potential
modification and refinement, either by breaking them into sub-
categories or by grouping them into broader categories. By the end
of the analysis, we determined that the categorization had reached
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saturation without emerging meaningful subdomains. This sub-
domain categorization was reviewed by two experts: a practicing
medical doctor with research experience and a researcher special-
izing in public health communication. This expert consultation
helped us validate and improve the clarity of all categories.

The final categorization comprised 20 subcategories, organized
into six broad groups: clinical decision support, workflow optimiza-
tion, professional training, research and data analysis, consumer
health support, and healthcare system support. The complete set
of subcategories is presented in the Results Sect 4.2. To scale up
the categorization across the entire corpus for prevalence analy-
sis, we employed GPT-40-mini [43] using the same temperature
settings of 0.0 as previous tasks to ensure deterministic output.
The prompt is provided in the supplement. When the content and
prompt together exceeded the token limit, the content was split
into multiple chunks, and the annotation results were combined
for final reporting. To assess the reliability of utilizing LLM for
categorization, we sampled 100 articles across five data sources for
human annotation. The model performed fine on this task with an
F1-macro score of 0.792 (Precision: 0.745, Recall: 0.888). Same as
previous tasks, we conducted an additional cross-model validation
using gemini-2.5 on a random subset of 500 items. gpt-40-mini
showed slightly higher F1-macro scores than gemini-2.5 with
high inter-model agreement, indicating stable annotation behavior
on our data. We report both the model-human evaluation (n = 100)
and model-model agreement (n = 500) statistics in Appendix 2.

3.4 Symbolic Representation

Lastly, to examine the symbolic representation of LLMs in public
discourse, we measured the level of implicit anthropomorphism in
expressions containing LLM entities. We used a masked language
model to capture the degree of anthropomorphism associated with
LLMs in a given sentence. This approach proposed by Cheng et al.
[19] utilizes a masking technique to compare how much an entity is
implicitly framed as human versus non-human, by computing the
log of the ratio between the model’s output probabilities for replac-
ing the mask with human pronouns versus non-human pronouns.
Specifically, for each instance in our corpus, when a sentence men-
tioned any LLM entity, the full sentence was extracted, with the
LLM entity replaced with a <MASK> token. In addition to the list of
LLM entities provided in the original work [19], we supplemented
the model with our LLM-related keywords used in the content fil-
tering step. An anthropomorphism probability was then calculated
for each identified entity in a masked sentence (Equation 1, where
Anthro captures the degree of anthropomorphism for entity x in
sentence s), which was then used to calculate the average anthro-
pomorphism score across all identified masked sentences within a
given item. With this approach, an anthropomorphism score of 0
means that the LLM entity is equally likely to be stated as either
human or non-human, and positive scores mean that the LLM entity
is more likely to be implicitly framed as human in the sentence.

PHuman(sx) (l)

Anthro(sy) = log oot =%
on-numan \°x
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4 Results
4.1 Lexical Style

Summary: (1) Public discussions on LLM for health were gener-
ally positive, and this positivity has gradually increased over time.
TikTok and YouTube showed the most optimistic tone, whereas the
News had an average neutral tone. (2) Writing styles mirrored these
patterns: News and Research Press had highly analytical styles, con-
sistent with professional norms. In contrast, social media platforms
were less analytical and TikTok and YouTube scored higher on clout,
suggesting that content creators presented themselves as confident
and persuasive. Across all channels, authentic and spontaneous
communication was low, particularly in professional outlets.

4.1.1  Emotional Tone. Overall, the emotional tone of public discus-
sions on LLM for health was generally positive, with most discourse
channels (except for News) showing a positive emotional tone on
average. This suggests that the portrayal of LLMs in health contexts
was largely optimistic. In addition, as shown in Fig. 2, we found the
median emotional tone in public discourse on LLMs had increased
over time despite some fluctuations. However, there was notable
variation across channels. TikTok and YouTube content tended to
exhibit the most positive tone, with higher median and mean values.
For example, one video says “ChatGPT designed a unique healthy
recipe that tasted great [...] I had one minor tweak, but overall great
tool, great time-saver, very exciting new technology.” Dunn’s post
hoc test further demonstrated that YouTube and TikTok content was
significantly more positive than other sources. In contrast, News
and Reddit discussions showed a more neutral tone, with Reddit in
particular having the widest range of emotional attitudes. Dunn’s
post hoc test indicated that News was significantly more negative
than other sources. This could be explained by the nature of these
platforms: Reddit’s community-driven nature, which encourages
diverse opinions and facilitates focused discussions, while news
articles are more likely to reflect journalistic norms that emphasize
balance between highlighting opportunities and addressing risks.
The technological orientation of Reddit’s community may also have
contributed to this high variation, as Qi et al. [94] has shown that
tech-centric communities exhibit greater polarization.

4.1.2  Writing Style. We observed differences in writing style across
discourse channels (Fig. 3), which reflects the underlying commu-
nication goals and norms of each venue. First, News and Research
Press displayed the highest level of analytical writing that is related
to logical reasoning and formal communication. This tendency
aligns with the expectation of rationality and professionalism in
institutional communication. In comparison, the other three user-
driven social media platforms exhibited lower and more varied
levels of analytical style, which suggests a tendency for these social
media platforms to prioritize accessibility over formal reasoning.
The second dimension, clout, captures self-focused expressions
that are associated with confidence and leadership. Contrary to
analytical expressions, YouTube and TikTok had higher scores,
indicating that content creators on these two platforms tended
to present themselves as opinion-influencing figures. These two
platforms tended to use more collective pronouns (e.g., “we love
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Median Emotional Tone Over Time
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Figure 2: Trends in median emotional tone, where public discussions of LLMs in health contexts were largely positive (except for
news) and became increasingly positive over time. TikTok data ended in August’24 due to an API internal error (see Sec. 3.1.1).
LOESS (Locally Estimated Scatterplot Smoothing) was applied to capture overall trends across data sources of varying size.

that ChatGPT thinks like us”) or second-person singular pronouns
(e.g., “so you have downloaded ChatGPT and played around with it.
you liked it but you’re probably asking how do I save money with
it”), potentially because these platforms encourage videos with
one-to-one conversational styles and expressions of shared feelings.
Dunn’s post hoc test further demonstrated that YouTube and TikTok
had significantly higher clout scores than other channels. Both
platforms also used more certainty words (e.g., never, definitely)
and fewer tentative words (e.g., maybe, perhaps); for instance, “they
are the doctors you can always trust, always just a message away.”

Lastly, all public channels incorporated a lower level of authentic
communication styles, suggesting they had a high degree to which
a person is self-monitoring. This lower authentic tendency suggests
that cognitive process words could be used to support statements,
and the overall language is more abstract. Among them, News
and Research Press had the lowest average levels, which can be
explained by expectations for professional writing to avoid personal
or informal language.

4.2 Informational Content

Summary: (1) Public discussions of LLMs in health emphasized
specific and isolated cases, with episodic framing more common
than thematic framing. Practical implications for healthcare, safety,
and the economy were highlighted more, while broader systemic or
policy-related considerations were rarely touched on, except in the
news. (2) Overall, public discourse lacked a thorough mention of
risks, and the generative nature and distinctive affordances of LLMs
were rarely discussed. When risks were discussed, information qual-
ity issues were most frequently highlighted. (3) Layperson-driven
platforms were especially less likely to mention risks or explain
generative nature than institutional sources, while YouTube served

as a middle ground with both organization- and user-generated
content. (4) In terms of specific health subdomains, TikTok and Red-
dit emphasized consumer-facing applications, particularly mental
health support, while News and Research Press highlighted clinical
decision support and research-oriented applications.

4.2.1 Framing Type and Dimensions. For framing type, we found
that episodic framing was noticeably more prevalent than thematic
framing across all discourse channels (Fig. 4a). This means that
LLM adoption in health is often introduced through specific and
isolated cases, such as spotlighting particular use cases or techno-
logical milestones, rather than being presented as a generalized and
systematic happening. Kruskal-Wallis H-tests showed significant
differences in framing types across channels, where episodic H =
715.82 (***) and thematic H = 1310.74 (***). Notably, News showed
a significantly higher proportion of thematic framing (31.5%) than
other sources, which may be explained by journalistic writing pat-
terns that tend to situate events within larger societal contexts.

In terms of framing dimensions, direct and practical impacts on
healthcare, safety, and economy were more common, while broader
systemic, ethical, or policy-related framings remain underrepre-
sented, particularly in social media platforms (Fig. 4b). Unsurpris-
ingly, given this study’s focus on LLMs in health, health and safety
had a higher prevalence, ranging from 19.8% in YouTube to 54.3%
in Research Press. The next most frequently mentioned social issue
dimension was economic, especially for News (42.4%) and TikTok
(26.9%). A closer examination of data showed some subtle differ-
ences: News tended to emphasize corporate and macroeconomic
implications, while TikTok had more discussions on personal finan-
cial impacts. Nevertheless, disruption of the labor market appeared
as a consistent theme, ranging from personal worries (e.g., ‘I think
I'm officially out of a job. I asked ChatGPT to make a knee rehab
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Emotional Tone and Writing Styles Across Public Discourse Channels
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Figure 3: Lexical style in public discourse on LLMs for health. Kruskal-Wallis H-tests were performed to determine whether
there was a significant difference across channels (*** p<0.001, ** p<0.01, * p<0.05), where emotional tone H = 1332.73 (***),
analytic H = 3552.45 (***), clout H = 2895.86 (***), and authentic H = 419.56 (***). Dunn’s post hoc test indicated that content on
YouTube and TikTok was significantly more positive, while news was significantly more negative than other channels.

Framing Types Across Public Discourse Channels
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(a) Framing types (***): whether narratives are framed episodically
or thematically.
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Figure 4: Framing types and dimensions in public discourse
on LLMs for health. Kruskal-Wallis H-tests showed signif-
icant differences at all levels across channels (*** p<0.001,
** p<0.01, * p<0.05), with higher H in thematic framing and
discussions related to policy prescription and evaluation, as
well as political factors and implications.

exercise plan, and it came up with this in seconds...”) to broader so-
cietal impacts (“Although conversations surrounding technological
unemployment over the past several decades have revolved around

blue-collar workers losing their positions to automated robotics solu-
tions, the widespread use of ChatGPT has introduced similar questions
in the healthcare and other knowledge-based professions.”).
Kruskal-Wallis H-tests showed significant differences in framing
dimensions across channels, where capacity and resources H =
28.44 (***), crime and punishment H = 74.14 (***), cultural identity
H =102.03 (***), economic H = 863.32 (***), external regulation
and reputation H = 680.83 (***), fairness and equality H = 139.71
(***), health and safety H = 962.78 (***), legality, constitutionality,
jurisdiction H = 68.51 (***), morality and ethics H = 40.89 (***), policy
prescription and evaluation H = 1534.82 (***), political factors and
implications H = 2776.45 (***), public sentiment H = 152.55 (***),
quality of life H = 117.41 (***), security and defense H = 691.13 (***).
Overall, News was the only venue that tended to contextualize
LLMs in health across a wide range of social issues, including eco-
nomiic, policy, political, safety, and cultural considerations. On the
other hand, other platforms had less comprehensive discussions,
with Reddit and TikTok showing the lowest coverage of dimensions
like resource, policy, or fairness. Instead, they had a significantly
higher tendency to mention the impacts on quality of life than other
venues, suggesting their personal and practical perspective.

4.2.2  Risk and Generative Nature Disclosure. As shown in Fig. 5,
we found that public communication surrounding LLMs overall
lacked a thorough introduction or overview to their risks, especially
in explaining different mechanisms from traditional information
sources. There was a notable asymmetry in the engagement of risk
communication across venues, where layperson-driven platforms
(i.e., TikTok and Reddit) were less likely to mention risks and LLM
mechanisms, compared to professional and institutional sources
such as News and Research Press.

The most frequently addressed risk across all platforms was
related to the information ecosystem — how LLMs may affect peo-
ple, technologies, and norms that shape the way information is
produced, shared, and evaluated. A closer examination of the data
showed that this type of concerns was concentrated on direct and
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Disclosure of Risk and Generative Nature Across Public Discourse Channels
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Figure 5: Disclosure of risks and generative nature in pub-
lic discourse on LLMs for health. Public discourse exhib-
ited unbalanced risk disclosure across channels, lacked thor-
ough risk coverage, and rarely discussed the generative na-
ture and distinctive functionalities or affordances of LLMs.
Kruskal-Wallis H-tests showed significant differences across
channels (*** p<0.001, ** p<0.01, * p<0.05), where risks to in-
dividuals H = 1564.17 (***), risks to human-centered care H
= 1460.14 (***), risks to information ecosystems H = 5042.14
(***), risks to technology accountability H = 3213.67 (***), and
explanations of generative nature H = 4618.17 (***).

isolated information quality issues. Common examples include hal-
lucination and inaccuracies (e.g., plausible-but-wrong answers or
fabricated citations), bias (e.g., racist outputs), or misuse of Al-
generated content (e.g., deepfakes or Al-generated misinformation).
For example, ‘T asked ChatGPT how to get rid of chronic pain from
meniscus injuries. While its suggestions weren’t completely wrong,
they weren’t exactly right either, and can worsen the situation.” This
type of information quality issue was especially commonly men-
tioned in News (78.9%), YouTube (76.1%), and Research Press (56.8%).

The next two most commonly mentioned categories were risks
to individual behaviors and risks to technology accountability, and
risks to human-centered care were the least frequently mentioned.
Risks to individual behaviors included potential negative influences
on individuals’ actions, decision-making, and well-being. This type
of risk was frequently mentioned in News (61.5%) and YouTube
(61.9%). Common examples included impacts on employment and
work norms, over-reliance on Al for decision-making, and the ero-
sion of interpersonal or professional skills.

Similarly, risks to technology accountability were less prevalent
on TikTok and Reddit, despite appearing with reasonable frequency
in other venues. These risks refer to negative consequences related
to how LLMs may challenge existing mechanisms of oversight and
security. Some frequently discussed examples were algorithmic bi-
ases, unauthorized imitation of personal traits or proprietary work,
and misuse for harmful purposes or human-like roles. Last, risks to
human-centered care were least frequent. These concerns surround
how LLMs may undermine the relational foundations of healthcare
and disrupt existing social support systems. Despite all content
touching on LLM’s potential in health, risks to the healthcare sys-
tem were infrequently addressed in institutional sources and nearly
absent on TikTok (3.3%) and Reddit (6.2%).
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One concerning observation in our results is that explicit ex-
planations of LLMs’ generative nature, which makes LLMs differ
from conventional health information technologies, were nearly
absent in all channels. Only YouTube made a moderate mention
of mechanisms (31.0%), likely due to its longer-form and tutorial-
based content. Across News, Research Press, Reddit, and TikTok,
references to the workings of LLMs remained less than 3% or near
absent (Reddit 1.1% and TikTok 0.2%), indicating a widespread lack
of conceptual differentiation between LLMs and traditional search
engines or decision aids - popular tools for online health informa-
tion seeking in the past two decades.

4.2.3 Health Subdomain Prevalence. We identified what health
subdomains in which LLMs are presented as applicable in public
discussion from the inductive coding. We summarized 20 subcat-
egories that were organized into six broader categories: clinical
decision support, workflow optimization, professional training, re-
search and data analysis, consumer health support, and healthcare
system support. As shown in Fig. 6, the most commonly mentioned
health subdomains were concentrated in clinical decision support
(especially in diagnosis support and treatment planning and moni-
toring) and consumer health support (particularly in therapeutic
mental health support and medical question answering). Meanwhile,
the least discussed subdomains were those related to professional
training and workflow optimization.

Among platforms, YouTube emerged as a middle ground between
institutional sources (e.g., News and Research Press) and layperson-
driven social media platforms (e.g., TikTok and Reddit). It tended to
play a unique role with a large number of educational and business
materials, such as talks, lectures and tutorials, which was reflected
in its significantly higher content length (see Table 1) and could
contribute to its broader topical coverage. This explains its focus
on practical use cases, especially in healthcare data analysis, drug
discovery, diagnostic and risk prediction, and medical imaging anal-
ysis. YouTube’s relatively even distribution across clinical, research,
and support-oriented subdomains indicates its unique positioning
that blends professional and public-facing communication.

On the other hand, the other two social media platforms, TikTok
and Reddit, showed clear emphasis on consumer-facing and men-
tal health support applications. The most frequently mentioned
areas were therapeutic mental health support (TikTok: 26.5% and
Reddit 30.7%) and emotional companionship (TikTok: 22.7% and
Reddit 21.4%). Followed by treatment planning and monitoring,
healthy lifestyle guidance, and patient communication and educa-
tion. Aligned with their tendency to focus on personal and practical
perspectives as observed in the framing patterns, they were less
likely to discuss LLM applications in research and data analysis.

News, by comparison, emphasized clinical decision support, es-
pecially diagnostic support and risk prediction, alongside notable
attention to therapeutic mental health support. Research Press fol-
lowed a similar trend in highlighting clinical applications, but also
had substantial coverage of research-oriented subdomains, such
as drug discovery, healthcare data analysis, and novel treatment
discovery, aligned with its unique role in communicating scientific
and translational research findings.
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Figure 6: Health subdomains in which LLMs are mentioned in public discourse. TikTok and Reddit emphasized consumer-facing
applications, particularly mental health support, while News and Research Press focused on clinical decision support and
research-oriented uses. YouTube’s longer, education-oriented content contributes to broader topical coverage. Kruskal-Wallis
H-tests showed significant differences only in Research and Data Analysis, where H = 15.76 (**) (*** p<0.001, ** p<0.01, * p<0.05).

4.3 Symbolic Representation

Summary: Public discussions had relatively neutral to low overall
anthropomorphism of LLM entities. TikTok and Reddit showed
wider ranges of anthropomorphism, with some highly human-like
portrayals of LLMs, while Research Press showed the significantly
least anthropomorphism.

In examining the symbolic representation of LLMs, we measured
the degree of anthropomorphism in describing LLM-related entities.
As Fig. 7 shows, expressions across all discourse channels had in-
terquartile ranges below zero, which means that public discussions
had no apparent anthropomorphism tendencies and most direct
references framed LLMs more as non-human entities. At the same
time, we observed cross-platform differences in the representation
of Al Specifically, Research Press exhibited the lowest levels of
anthropomorphism, which aligns with its tendency to adopt tech-
nical descriptions. In contrast, TikTok and Reddit tended to have
wider ranges of anthropomorphism scores. These two platforms
also contained highly anthropomorphized expressions with scores
near or above 2 that described LLMs with human-like capabilities
(e.g., “my ChatGPT therapist just knows what’s up in my mind”),
intentions (e.g., “my chatbot cares about me”), or relationships (e.g.,

“he fell in love with and married his AI bot”). Overall, verbs associated
with the highest anthropomorphism scores included “arrive”, “ter-
rify”, “baffle’, “learn”, while common verbs mentioned in the lowest
scores were ‘cost”, “apply”, “use”, “include”. On the other hand, News
and YouTube showed an intermediate pattern of moderate and less

variable anthropomorphic framing, with fewer extreme values.

5 Discussion

This paper investigates how public discourse introduces large lan-
guage models, and frames their potential uses and risks in the health
domain: one of the most discussed and consequential application
areas. Overall, we found that discussions on LLMs for health across
platforms were generally positive — and becoming more so over
time, but often lacked a thorough introduction or overview of risks.
When risks were mentioned, they were largely about information
quality, with nearly absent explanations about the generative nature
of LLMs that distinguish them from traditional information sources.
Across channels, layperson-driven platforms such as TikTok and
Reddit were less likely to mention risks and displayed greater vari-
ations in emotional tone and anthropomorphic expressions. They
also emphasized consumer health (especially mental health sup-
port), whereas professionally authored sources, such as news and
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Figure 7: Anthropomorphism of LLM entities in public dis-
course on LLMs for health. Public discussions had relatively
neutral to low overall anthropomorphism of LLM entities,
with some highly human-like portrayals of LLMs in TikTok
and Reddit. Kruskal-Wallis H-test found significant differ-
ences across channels, where H = 3974.28 (***). Dunn’s post
hoc test indicated that News was significantly less likely to
adopt anthropomorphized representations of LLM entities.

research press, put greater emphasis on clinical use and were more
likely to mention broader societal or systemic implications.
Together, this work shows that discourse can work as a diag-
nostic tool to track public expectations and attention, as well as to
identify gaps in literacy or governance. In the case of LLM-related
discussions, public attitudes were found to be generally positive
and increasingly so over time, but risk coverage was limited and
explanations of LLMs’ generative nature were nearly absent. These
findings underscore a need for effective communication and de-
sign strategies to help the public build agency and knowledge in
navigating engagements with LLMs and their applications in health.

5.1 The Role of Public Discourse in Negotiating
Al Perceptions

One of our primary contributions is a large-scale empirical analysis
of how LLMs for health are represented and framed across diverse
media channels, which we believe serves as an infrastructure for
shaping public perceptions and negotiating practices. Prior research
has demonstrated the role of media in communicating the risks
and benefits of emerging technologies [9, 67, 109]. In terms of Al
risks, scholarship has found that the media coverage, ranging from
newspapers and magazines to blogs, had a shallow and mainly
practical focus on Al ethics issues [89], while global news showed
a skewed prioritization on societal and legal and rights-related
risks [3]. Our findings extend these by documenting how differ-
ent channels of public narratives reflect and reinforce this effect.
Across platforms and content creators, we found that discussions
were largely positive while notably lacking in mentioning risks or
explaining the generative nature of LLMs. This is concerning as

Jiawei Zhou et al.

LLMs’ functionalities (e.g., probabilistic generator) and affordances
(e.g., general-purpose and non-task-driven design) mechanistically
differ from traditional information sources.

The lack of discussion of risks and explanation of the distinctive
functionalities of LLMs can encourage individuals to interact with
LLMs using “old norms” that may no longer apply. Particularly at
a time when current design patterns of many LLM systems often
overshadow the generative nature of Al outputs or blur the bound-
aries between generative and retrieval systems. As technological
affordances will inevitably shape users’ mental models [83], recent
empirical findings showed that people held inaccurate perceptions
of LLMs [118, 119]. Taken together, all evidence underscores the
importance of efforts to regulate public perception and promote
Al literacy. While recent regulations like the European Union (EU)
AT Act [30] have emphasized the importance of Al literacy, these
efforts focused on programs “intended for professionals, organisa-
tions, or the general workforce” [29]. Thus, we highlight the unique
role of public discourse in engaging and influencing the greater
public’s everyday perceptions and practices. After all, communicat-
ing risks should be a two-way exchange of information [54], not
reduced to correcting “wrong” concerns or edifying “uninformed”
lay perceptions.

A closer look at cross-channel differences reveals another impor-
tant feature of the discourse infrastructure: heterogeneity among
content author types. Our results showed that professional outlets
(i.e., news and research press) were more likely to mention risks
and broader societal and systemic implications beyond specific
and isolated instances. Meanwhile, there was also an unaligned
focus on specific health domains for LLMs applications in layper-
son outlets: TikTok and Reddit had more discussions surrounding
consumer health support and especially in emotional companion-
ship and therapeutic support. This asymmetry has implications
for both information environments and information consumers.
For information environments, it suggests that areas of high public
interest (here mental health care) were under-addressed by profes-
sional outlets, leaving other channels and content that are more
risk-agnostic to fill the gap. This highlights the need for journalists,
researchers, and professionals to actively identify where public
interest is situated, and to develop strategies for reaching audiences
in those spaces with more balanced communication strategies. For
information consumers, relying primarily on platforms like TikTok
and Reddit may reduce exposure to risk-aware perspectives and
increase the likelihood of developing over-optimistic or anthro-
pomorphized views of Al Here, a critical awareness of platform
differences and tendencies becomes essential, so as to allow audi-
ences to interpret content not only based on what is said, but also
in light of the communication environments that shape what is
highlighted, appreciated, or encouraged.

On a higher level, the greater variation in tone and anthropo-
morphism in TikTok and Reddit suggests that public perceptions of
LLMs remain unsettled and actively negotiated. We see this active
negotiation as both a risk and an opportunity. On one hand, selec-
tive exposure to highly positive or human-like portrayals can skew
expectations and normalize inappropriate mental models. On the
other hand, these unsettled framings can provide insight for jour-
nalists, designers, and policymakers to understand where public
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attention is gathering, where professional communication is absent,
and where new gaps in literacy or governance emerge.

5.2 Implications for AI Transparency and
Governance

5.2.1  What to disclose in supporting Al transparency. In efforts to
support Al transparency and literacy, the first question that follows
is “what to disclose or educate”. Current regulations offer some
direction: for instance, the EU Al Act requires that “developers and
deployers must ensure that end-users are aware that they are inter-
acting with AI (chatbots and deepfakes)” [30]. While such disclosure
is important, especially as Al systems are increasingly embedded
into existing systems and “disappear into” prior technologies, it
may not be sufficient. Especially when categories of Al have not
reached consensus in public understanding, end-users lack clarity
about what capabilities and limitations different systems entail or
offer. Our findings raise the question of whether informing people
that they are “interacting with AI” meaningfully prepares them to
interpret and evaluate their interactions.

Prior literature on risk communication underscores that effec-
tive messaging should go beyond stating the existence of risk; in-
stead, it involves communicating not only the nature of risks but
also expressing concerns, perspectives/opinions, and reactions to
them [54]. Some current common practices include acknowledging
error possibility [40] and uncertainty indicators [56] or reminding
limitations of language models [110]. But past work in human-
Al interaction has emphasized both functional understanding of
what models or systems work and mechanistic understanding of
how models or systems work in Al transparency [63], and showed
that analytical thinking that disrupts heuristic thinking on direct
statements can reduce Al overreliance [11].

However, turning to our findings, we will find a significant gap:
explanations about the generative nature of LLMs were nearly miss-
ing across all channels. Even when risks were mentioned, they over-
whelmingly centered on information quality, and a closer look at
the data shows that the majority of the content focused on isolated
incidents of fake or incorrect information. However, we question
whether collapsing all information into the frequently mentioned
yet broad category of hallucination is enough, when the metaphor
“hallucination” itself is imperfect. LLMs do not have sensory per-
ception as humans, so it does not naturally carry the appropriate
referential analogy to explain why such errors occur. Therefore,
we call attention to the gap in actively disclosing and educating on
the mechanistic understanding of LLMs: how they differ from prior
technologies and why these differences may lead to risks.

5.2.2  What to align in facing governance lag. In examining the
specific health subdomains mentioned in pubic discussions, we
found that these health application subdomains align broadly with
categories in World Health Organization’s guidance on large multi-
modal models [88], but offered more nuanced typology in specific
use cases. Importantly, as mentioned above, we found that com-
pared to professional-authored content (news articles and research
press releases) that emphasized clinical or systemic uses, TikTok
and Reddit mentioned consumer health and mental health care
more — ranging from emotional companionship to therapeutic sup-
port. This in part could be attributed to the ongoing mental health
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crisis in the United States and globally, especially among youth pop-
ulations [32, 87], and their pursuit of support. For instance, a survey
in 2025 found that 72 percent of American teenagers said they had
used Al as companions [22]. Alongside this trend, researchers have
documented alarming risks, as LLMs can encourage schizophrenic
delusions [60], self-harm and abusive behaviors [16, 111], and in-
ability to handle emergency or high-stakes situations [57, 108], and
even being linked to actual suicides or violent crimes [26, 111].

These documented risks, combined with our findings on high
demands, point to the blurred line between informal emotional
companionship and high-stakes therapeutic interventions in Al
systems, which can raise safety concerns that policy frameworks
have only begun to address. Some recent governance efforts in spec-
ifying boundaries of Al use for mental health care include Illinois’
Act that prohibits Al from acting as a therapist or counselor [34]
and New York’s requirement for Al tools to refer people with suici-
dal or self-harm tendencies to crisis centers [79]. However, overall,
research, practice, and policy in this area are emergent and rapidly
evolving, as professional societies and stakeholders are urging Al
tools to be grounded in psychological science, co-developed with
behavioral health experts, and rigorously tested for safety [1].

This misalignment between public demand and regulatory clar-
ity underscores the need for future work on both design and gov-
ernance. Future work can develop strategies for in situ literacy
through scaffolding or heuristic interactions to prepare users in
developing mechanistic understanding, evaluating outputs, and crit-
ically trading off risks and benefits in sensitive contexts like health.
On the governance side, empirical evidence from public discourse
can help regulators prioritize domains where demand is high and
risks are pressing or imminent. Literature in risk communication,
mass media, and health education all suggest that the more effective
approach is to promote better understanding and greater agency
and stewardship [24, 47, 54]. We envision opportunities for future
work to contribute experimental and empirical evaluations to pro-
vide better clarity as to what information most effectively supports
user agency and informed engagement.

5.3 Limitations and Future Work

From a generalization perspective, this work focused on English-
language content with some data (TikTok, YouTube, and News)
limited to the U.S context. While some patterns, such as the posi-
tive framing of LLMs or limited discussion of risks, can be observed
in other cultural or linguistic contexts (e.g., [3]), we acknowledge
that not all findings can be directly applied to non-English or non-
U.S. discourse. Future work can extend this analysis to multilingual
and cross-cultural settings to better understand global public per-
ceptions of LLMs. Similarly, our categorization of risks was based
on one taxonomy tailored to LLMs in the health domain. While
this choice aligns with our study focus, it may not capture all po-
tential risk dimensions relevant to other domains, and future work
can utilize the methodological framework of this study to analyze
public discourse on LLMs in other domains. Second, our data and
analyses may be subject to platform- and source-related biases: Tik-
Tok API cutoffs may skew results toward older content, Pushshift
may incompletely capture Reddit activity and introduce sampling
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bias, and MBFC filtering may favor mainstream outlets. In addi-
tion, although cross-model validation demonstrated the reliable
performance of gpt-40-mini, our large-scale annotations rely on
this single model and may still contain model-specific biases. Third,
even with human validation, we acknowledge that human annota-
tions of complex constructs such as health subdomains and framing
remain subject to interpretive uncertainty [14] and automated la-
beling is inherently imperfect. Therefore, these labels should be
interpreted as approximate signals rather than ground truth. Lastly,
we drew on the agenda-setting theory and focused on the salience
of issues and certain attributes in messages. There are additional
subtle attributes that can affect audience interpretation and attitude,
such as visual elements in videos and varying levels of emphasis
or depth in the presentation of information elements. Mentions
of LLM capabilities, limitations, or risks were treated equally in
this work, regardless of whether they appeared early or late in a
narrative, or were introduced superficially or in detail. We hope
our study can inspire future work to examine more fine-grained
aspects within discourse content and their effects on perceptions
of technological capabilities and risks.

6 Conclusion

This paper examined how public discourse introduces large lan-
guage models (LLMs) in the health domain, an area where concerns
about reliability are emerging alongside reports linking LLM use to
risky behaviors, psychological risks, and even suicide cases. Ana-
lyzing five channels (news, research press, YouTube, TikTok, and
Reddit) over a 2-year period, we found that public discourse was
generally positive and episodic, without risks being thoroughly
communicated and often reduced to information quality incidents,
and explanations of LLMs’ generative nature were almost absent.
Professional outlets more often addressed clinical and systemic
implications, whereas layperson platforms of TikTok and Reddit
highlighted mental health care and companionship, and showed
greater variation in tone and anthropomorphism but little attention
to risks. These findings position public discourse as a diagnostic tool
for identifying where public attention gathers, where professional
communication is absent, and where gaps in literacy or governance
emerge. Our work contributes empirical evidence of how LLMs are
currently framed in discourse and points toward future efforts to 1)
support professionals in addressing gaps in information environ-
ments and information consumers in developing critical awareness
of source differences; 2) develop communication strategies and in
situ literacy scaffolds that move beyond surface disclosures to foster
mechanistic understanding that help users critically assess capabil-
ities and risks; and 3) guide regulatory efforts into areas with high
demand but pressing risks.
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A Keywords Used in Public Discourse Data
Collection

LLM-relevant Keywords:

language model, llm, language artificial intelligence, language ai,
generative ai, chatgpt, gpt, med-palm, google gemini, google bard,
google lamda, transformer model, natural language generation, nlg,
self-supervised learning, zero-shot, few-shot, generative model,
autoregressive transformer, instruction tuned, meta llama, meta
ai llama, meta galactica, microsoft copilot, mixtral, mistral ai, an-
thropic claude, deepseek, diffusion model, bloom model, qwen, xai
grok

Health-relevant Keywords:

General and Symptom Terms: health, medical, disease, well
being, well-being, therapy, therapist, diagnosis, diagnose, drug,
nutrition, clinic, clinical, medicine, doctor, surgeon, sick, illness, dis-
order, patient, mental, surgical, surgery, insurance, hospital, abuse,
pharma, over dose, sore, tenderness, arm pain, back pain, breast
pain, ear pain, ear ache, eye irritation, flank pain, general aches,
general pain, body discomfort, hand pain, headache, head pain,
head discomfort, kidney pain, knee pain, leg pain, neck-skull pain,
rib pain, shoulder pain, sore throat, tooth ache, fatigue, sleep dis-
turbance, abnormal dreams, vivid dreams, asthenia, disturbed sleep,
insomnia, drowsiness, lassitude, listlessness, exhaustion, lethargic,
sluggishness, somnolence, tiredness, weariness, abdominal pain,
abdominal cramp, anorexia, changes in appetite, bloating, consti-
pation, difficulty swallowing, dry mouth, dyspepsia, heartburn,
indigestion, epigastric pain, upset stomach, nausea, stomach ache,
stomach pain, affect lability, emotional instability, irritable mood,
mood changes, mood swing, depression, depressed mood, suici-
dal ideation, blurred vision, neuropathy, pins and needles, tingling,
dizziness, lightheadedness, head rush, wooziness, angina, chest pain,
difficulty breathing, dyspnea, short of breath, congestion, heart flut-
ter, palpitation, arthralgia, joint pain, muscle pain, stiffness, amnesia,
brain fog, memory loss, difficulty concentrating, short attention
span, skin irritation, itchiness, pruritus, skin discomfort, dysuria,
vaginal dryness, sexual dysfunction, malaise, clinician, physician,
nurse, surgeon, doctor, therapist, psychology, psychological, anx-
iety, depression, mental health, mental illness, mental disorder,
bipolar, bpd, ptsd, paranoia, schizophrenia, schizophrenic, schizo,
panic attack, anxiety attack, social anxiety, self harm, self-harm,
eating disorder, binge eating disorder, anorexia, anorexic, bulimia,
bulimic, depressed, depressing, suicidal, suicide

Health Topics: Abortion, Addictive behaviour, Adolescent health,
Anaemia, Antimicrobial resistance, Assistive technology, Biologi-
cals, Blood products, Blood transfusion safety, Brain health, Buruli
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ulcer (Mycobacterium ulcerans infection), Cancer, Cardiovascular
diseases, Cervical cancer, Chagas disease, American trypanosomi-
asis, Chemical incidents, Chemical safety, Chikungunya, , Child
health, Childhood cancer, Cholera, Chronic respiratory diseases, ,
Clinical trials, Common goods for health, Congenital disorders, Con-
traception, Coronavirus disease (COVID-19), Crimean-Congo haem-
orrhagic fever, Deafness and hearing loss, Dementia, Dengue and
severe dengue, Depression, Diabetes, Diagnostics, Diarrhoea, Digi-
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infection, Nursing and midwifery, Nutrition, Obesity, Occupational
health, Onchocerciasis (river blindness), Oral health, Palliative care,
Patient safety, Pertussis, Physical activity, Plague, Pneumonia, Po-
liomyelitis (polio), Primary health care, Quality of care, Rabies,
Radiation, Radiation emergencies, Radon, Refugee and migrant
health, Rehabilitation, Respiratory syncytial virus, Rift Valley fever,
Road traffic injuries, Scabies, Schistosomiasis (Bilharzia), Self-care
for health and well-being, Sepsis, Severe Acute Respiratory Syn-
drome (SARS), Health and wellbeing, Sexual and reproductive
health and rights, Sexual health, Sexually transmitted infections
(STIs), Smallpox, Snakebite envenoming, Social determinants of
health, Soil-transmitted helminthiases, Stillbirth, Substandard and
falsified medical products, Suicide prevention, Sustainable devel-
opment, Syphilis, Taeniasis and cysticercosis, Tetanus, Tick-borne
encephalitis, Tobacco, Trachoma, Traditional, Complementary and
Integrative Medicine, Transplantation, Travel and health, Tropical
Cyclones, Tsunamis, Tuberculosis, Typhoid, Ultraviolet radiation,
Universal health coverage, Urban health, Vaccines and immuniza-
tion, Violence against children, Violence against women, Volcanic
eruptions, Women’s health, Yaws (Endemic treponematoses), Yel-
low fever, Zika virus disease
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B Human-Model Validation and Cross-Model Agreement of LLM Annotations

Risk Disclosure

Generative Nature Health Subdomain

Model F1

gpt-40-mini performance  0.743
gemini-2.5 performance 0.715
cross-model agreement 0.710

Jiawei Zhou et al.

Table 2: Performance of GPT-40-mini and Gemini-2.5 against human annotations (n = 100) and inter-model agreement on a

larger subset (n = 500). All scores are macro-averaged.
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C Platform pairwise comparison

Tone Analytic
d 95% CI P d 95% CI P
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News YouTube w2096 [1.02,-091]  *** le—— 158 [152,1.64]
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News Reddit i -012  [-0.17,-0.08] *** == 06 [055064 ***
Research Pr  News = 046  [037,055] *** 075  [0.66,084] ***
ResearchPr  YouTube el 2048 [-0.56,-039] *** |lesssss 174 [1.65,1.83] ***
Research Pr  TikTok W <026 [-0.34,-0.17] *** s 145  [1.36,1.54] %
Research Pr  Reddit = 022 [0.14,030] *** 085  [0.77,093] ***
YouTube News w096 [0.91,1.02] *** sl -158 [-1.64,-1.52] ***
YouTube Research Pr = 048 [039,056] *** s -174  [-1.83,-1.65] ***
YouTube TikTok I 006  [0.01,011] 4 -016 [-0.21,-012] ***
YouTube Reddit = 054 [0.50,058] *** <063 [-0.67,-0.60] ***
TikTok News = 066 [061,072] *** sl 129 [-135,-1.23] ¢
TikTok Research Pr 026 [017,034] Y s 145  [-154,-136]
TikTok YouTube | -006 [-0.11,-0.01] *** B 016 [0.12,021] ***
TikTok Reddit = 046  [0.42,050] w047 [-051,-043] ***
Reddit News 012 [0.08,017] *** w06 [-0.64,-055] ***
Reddit Research Pr W -022 [-030,-0.14] ** sl 085 [-0.93,-0.77]  ***
Reddit YouTube wel  -054  [-0.58,-050] *** = 063 [0.60,067] ***
Reddit TikTok wedl  -046  [-0.50,-0.42] = 047 [043,051]
Clout Authentic
d 95% CI P d 95% CI P

News Research Pr = 039 [030,048] *** = 028 [019,037] **
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ResearchPr  News w2039 [048,-030] *** w028 [037,-0.19] ***
Research Pr  YouTube el 085 [-0.94,-0.76]  *** el 084 [-0.93,-0.76] ***
Research Pr  TikTok w2053 [-0.62,-0.44] ** w056 [-0.65,-0.47]

Research Pr  Reddit = 033 [0.25041] w058  [-0.66,-0.50] ***
YouTube News = 049  [044,055] *** == 062 [057,067] ***
YouTube Research Pr s 085  [0.76,0.94]  *** 084  [0.76,093] ***
YouTube TikTok | -004 [-0.09,000] ** | 003 [008002] **
YouTube Reddit = 078 [0.74,082] *** d 02 [0.23-016] ***
TikTok News = 036 [031,042] *** = 046 [0.40,051] ***
TikTok Research Pr = 053 [044,062] ** = 056  [0.47,0.65]

TikTok YouTube I 004 [-0.00,009 ** | 003  [0.02008] ***
TikTok Reddit = 076 [0.72,080] * d -017 [-020,-0.13] ***
Reddit News w2052 [-0.56,-047] *** = 049  [044,053]
Reddit Research Pr w033 [-0.41,-0.25]  *** ] 0.58 [0.50, 0.66] o
Reddit YouTube el <078 [-0.82,-0.74] *** B 02 [016,023] ***
Reddit TikTok el 076 [-0.80,-0.72] * B 017  [013,020] ***

Table 3: Platform pairwise comparison for lexical styles. Cohen’s d with Dunn’s test p-values (Bonferroni corrected) where ***
p <0.001, ** p < 0.01, * p < 0.05. Across platforms, YouTube showed a significantly more positive tone, Research Press showed
significantly higher analyticity, TikTok showed significantly greater clout, and Reddit showed significantly higher authenticity.
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Risks to individuals

Risks to human-centered care

Risks to information ecosystems

d 95% CI P d 95% CI P d 95% CI P
News Research Pr = 04 [031,049] *** = 023 [015032] *** = 052 [043,061] ***
News YouTube | -001 [-0.06,004] *** B 018  [012,023] ¢ i007  [001,012]
News TikTok 091  [086,097] ** |mmm 076 [070,0.82] *** | 198  [1.91,2.04] ***
News Reddit = 047 [0.43,052] 075  [0.70,0.79] *** b 106 [1.02,1.11]
Research Pr  News w04 [049,-031] *** o -023 [-032,-0.15] *** w052 [-061,-043] ***
ResearchPr  YouTube wl -041  [-0.49,-0.32] | -007 [0.15,002] *** w2044 [-053,-036] ***
Research Pr  TikTok = 049  [041,058] *** w062  [0.54,071] *** e 137 [1.28,146] ***
Research Pr  Reddit I 007 [001,015] *** = 044  [036,052] = 056 [048,0.64] ***
YouTube News | 001 [-0.04006] ** ®  -018 [-0.23,-0.12] *** | -007 [-0.12,-0.01] ***
YouTube Research Pr = 041 [032,049] b007  [0.02,015] *** = 044  [036,053] ***
YouTube TikTok b 09  [0.85,095] *** = 053 [048,058] Y osssssss 178 [172,1.84]
YouTube Reddit = 048 [0.44,052] = 048 [0.44,052] — 1 [0.96,1.04] ***
TikTok News w2091 [-097,-0.86] *** sl 076 [-0.82,-070] ***  owessss| -198 [-2.04,-1.91] ***
TikTok Research Pr w049 [-0.58,-0.41] ***  mesl -0.62 [-0.71,-0.54] *** e <137 [-146,-1.28] ***
TikTok YouTube w09 [0.95,-0.85] **  mmd 053 [-0.58,-0.48] *** s -178 [-1.84,-172] ***
TikTok Reddit w037 [-041,-033] *** i 013 [-0.16,-0.09] *** w048  [-0.52,-0.44] ***
Reddit News = -047  [-0.52,-0.43] w075 [-0.79,-0.70]  *** 106 [-1.11,-1.02]
Reddit Research Pr I -007 [-015001] *** w044 [-0.52,-036] *** w056 [-0.64,-0.48] ***
Reddit YouTube w048  [-0.52,-0.44] *** wel -048  [-0.52,-0.44] — -1 [1.04,-096] ***
Reddit TikTok = 037 [033041] *** B 013 [0.09,016] *** == 048  [044,052] ***

Risks to technology accountability Explanations of generative nature

d 95% CI P d 95% CI P
News Research Pr = 041 [032,050] *** | 003  [006011] **
News YouTube I 003  [-0.02009] *** msl <074 [-0.80, -0.69]
News TikTok 123 [117,129] % = 025 [019,030] ***
News Reddit 089 [0.84,0.94] B 016  [0.11,020] ***
Research Pr  News w2041  [-050,-0.32] *** | -003 [011,006] **
Research Pr  YouTube w037 [-046,-0.29] *** wel <066 [-0.75,-0.58]
Research Pr  TikTok 082 [074,091] *** = 031 [0.23,040]
Research Pr  Reddit = 043 [035051] *** B 013 [0.05021] ***
YouTube News | -003  [-0.09002] *** 074  [0.69, 0.80]
YouTube Research Pr = 037 [0.29,046] *** = 066 [0.58,0.75]
YouTube TikTok e 113 [1.08,1.18] *** 092 [0.87,0.97]
YouTube Reddit = 084  [0.80,0.88] *** b 125 [121,129] %
TikTok News e <123 [-1.29,-1.17] % = -025 [-0.30,-0.19] ***
TikTok Research Pr el <082 [-0.91,-0.74] *** w -031  [-0.40,-0.23]
TikTok YouTube e -113 [1.18,-1.08] *** m— -0.92  [-0.97,-0.87]
TikTok Reddit w  -028 [-0.31,-0.24] *** i -01  [-0.14,-0.06] ***
Reddit News w089 [-0.94, -0.84] i -016  [-0.20,-0.11] ***
Reddit Research Pr == -043 [-051,-0.35] *** i -013  [-0.21,-0.05] ***
Reddit YouTube sl 084  [-0.88,-0.80] *** sl -1.25  [-1.29,-1.21] %
Reddit TikTok = 028 [024,031] P01 [0.06,014]

Table 4: Platform pairwise comparison for informational content: disclosure of risks and generative nature. Cohen’s d with

Dunn’s test p-values (Bonferroni corrected) where *** p < 0.001, ** p < 0.01, * p < 0.05.
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Anthropomorphism
d 95% CI P

News Research Pr  — 3.21 [3.09, 3.33] o
News YouTube — 1 [0.94, 1.05] e
News TikTok = -028 [0.33,-022] ***
News Reddit w -028 [-0.32,-0.23] ***
Research Pr  News ——— -3.21 [-3.33,-3.09] ***
Research Pr ~ YouTube —— -3.18 [-3.29,-3.07] ***
Research Pr  TikTok — -1.85 [-1.95, -1.75]

Research Pr  Reddit — -2.43 [-2.52,-2.35]  ***
YouTube News — -1 [-1.05,-0.94] ***
YouTube Research Pr  n— 3.18 [3.07, 3.29] o
YouTube TikTok w2077 [-0.82,-0.72]  ***
YouTube Reddit w08 [0.84,-076] ***
TikTok News = 028 [022033]
TikTok Research Pr — 185 [1.75, 1.95]

TikTok YouTube — 0.77 [0.72, 0.82] i
TikTok Reddit I 004 [001,008] **
Reddit News = 028 [0.23032] **
Reddit Research Pr —— 2.43 [2.35, 2.52] e
Reddit YouTube b 08 [076,084] **
Reddit TikTok | -004 [0.08-0.01] ***

Table 5: Platform pairwise comparison for symbolic representation. Cohen’s d with Dunn’s test p-values (Bonferroni corrected)
where *** p < 0.001, ** p < 0.01, * p < 0.05.
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D Temporal Trends
Frequency of Mentioning Risks to Individuals
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(a) Mentions of risks to individuals exhibited a slight increase over

time, while TikTok showed a decline in disclosure frequency.
Frequency of Mentioning Risks to Information Ecosystems
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(c) Overall, mentions of risks to information ecosystems were most
frequent and grew steadily over time, but TikTok and Reddit had
similar or lower frequencies of discussing related risks.

Frequency of Explanationing Generative Nature
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(e) Across platforms, explicit explanations of LLMs’ generative nature
remained extremely low over time.
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Frequency of Mentioning Risks to Human-centered Care
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(b) Mentions of risks to human-centered care increased gradually but
remained secondary to other risk categories.
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(d) Mentions of risks to technology accountability increased over
time, with news and research press being more likely to do so.
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(f) The median anthropomorphic representation of LLMs declined
slightly over time but showed a substantial divergence between re-
search press and other discourse channels.

Figure 8: Temporal trends. TikTok data ended in August 2024 due to an unresolved API internal error (see Sec. 3.1.1). We applied
LOESS (Locally Estimated Scatterplot Smoothing) to capture overall trends across five data sources of varying size and nature.
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