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Human-authored or AI-generated? Humans can
usually tell the difference for political content on
social media platforms
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This study employs a set of behavioral experiments to examine how individuals perceive the
humanness of social media posts about the 2024 U.S. presidential debate between Kamala
Harris and Donald Trump. Posts presented in the experiment were authored either by humans
or chatbots, varying the large language model (LLMs), the model architecture, the social
media platform, and the political personas. Participants judged the randomly-paired posts
on which they perceived to be AI-generated. Overall, human-authored posts were judged
more human than AI outputs, but this separation narrowed for newer LLMs, with Llama 3.3
surpassing human-like judgments. The social media platform also mattered, with participants
distinguishing human from AI on most platforms (YouTube, TikTok, Truth Social), but not on
X/Twitter. Partisan identity also shaped evaluations, with Republican respondents more likely
to view ideologically-aligned AI posts as human-authored. Our results indicate that audiences
can still distinguish human from AI generated social media posts, but this ability weakens for
newer LLMs, varies by platform, and reflects partisan bias.

Perceived humanness | AI-generated content (AIGC) | Large Language Models (LLMs) | Social
media | Political communication |

The rise of generative Artificial Intelligence (GenAI) represents a critical inflection
point for democratic information systems (1). Previous technological shifts, such as
the introduction of the internet and mobile technologies, fundamentally reshaped
how information was distributed and accessed (2). GenAI differs in a fundamental
way. Enabled by large language models (LLMs) (3, 4), texts that resemble human
expression in their tone, syntax, and affective-style (5) can now be artificially
mass-produced at an unprecedented scale (6), potentially making it difficult for
humans to distinguish authentic political discourse from synthetic imitations.

With social media now serving as a dominant venue for online information
consumption (7), both human-authored and AI-generated content (AIGC) may
potentially circulate side by side (8). This raises fundamental questions about
people’s capacity to assess content authenticity, an ability with direct implications
for political decision-making. If AIGC that amplifies certain viewpoints or creates
false impressions of grassroots support cannot be distinguished from authentic
participation, it may erode trust or increase misinterpretations in democratic
discourse (9). Yet whether audiences actually lack the capacity to detect AIGC, or
rather face specific, identifiable vulnerabilities under certain conditions, remains
largely unknown.

These hypothesized concerns unfolded in the 2024 U.S. presidential election
cycle. LLMs scaled the production of campaign materials (10), deepfake phone calls
imitating candidates’ voices were disseminated to voters (11), and AI-generated
images and videos of political figures circulated on social media platforms (12)
used to mock opponents or blur distinctions between satire and propaganda (13).
The spread of low quality AIGC, or “AI slop” (14) contributed to emergent forms
of misinformation (15). These incidents emphasize the urgency of understanding
humans’ detection and perception capacity, particularly as platform-based solutions
prove inadequate. AI labeling practices have failed to scale (16) and their
effectiveness remains contested (17, 18). Where platforms cannot reliably identify
AIGC, audience judgments serve as a critical fallback mechanism for navigating
authenticity.

To understand what shapes these authenticity judgments,
we investigate audience perceptions of human-authored versus
AI-generated posts in online political discourse through
four research questions: (1) Can people distinguish human-
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authored content from AI-generated posts created using
different LLMs across different social media platforms? (2)
What semantic features influence people’s evaluation of
perceived humanness? (3) What individual traits influence
people’s capacity to distinguish human-authored from AI-
generated posts? (4) How do people’s political leanings shape
their perception of humanness of AI-generated posts that
adopt politically congruent versus incongruent personas?

These questions contribute to three core research threads.
The first focuses on understanding AI detection in political
contexts. Non-experts struggle to distinguish AI from human
text (19, 20), often relying on surface cues like first-person
pronouns or warm tones (21), and semantic cues signaling
credibility or coherence (22). In political contexts, emotional
tone, stylistic fluency, and conversational style serve as
powerful cues of legitimacy and persuasiveness (23–25). As
such, AIGC mimicking these markers may evade detection
while shaping political attitudes (26). The second agenda
aims to identify individual predictors of detection capacity.
Individual traits such as political orientation and platform
use shape how audiences evaluate synthetic content (27, 28).
Third, we examine partisan congruence effects. When AIGC
adopts political personas, alignment between audience and
content ideology influences authenticity judgments (29, 30),
with politically congruent content more likely to be perceived
as human-authored.

This study consists of online surveys conducted in two-
waves (combined, unique respondents = 1,122) with a collec-
tion of 19,500 unique pairwise comparisons using 2,386 social
media posts (1,690 AI-generated, 696 human-authored) about
the 2024 U.S. presidential debate between Kamala Harris
and Donald Trump. This salient political event provided a
consistent topical anchor in a high-stakes domain for AIGC
(31). Using a pairwise design, participants evaluated human-
authored∗ and AI-generated posts produced by LLMs and
judged which was more likely AI-generated. The AI-generated
posts were produced by six LLMs (GPT-4, GPT-4o, GPT-4o
mini, Llama 2, Llama 3.2, Llama 3.3), imitating different
platform discourse (X/Twitter, TikTok, YouTube, Truth
Social), and taking on five political personas (Progressive,
Liberal, Moderate, Conservative, Libertarian Populist).

We quantified perceptions of humanness by scaling pair-
wise responses with the Bradley–Terry (BT) statistical model
to convert the responses into a novel Perceived Humanness
Indicator (PHI) score, ranging from −1 (AI-authorship) to
1 (human-authorship). Pairwise comparisons provide robust
scaling of latent perceptions – in our case, perceptions of
humanness of social media posts – by leveraging relative
rather than absolute judgments (in other words, by asking
which of the two posts seems more AI-like rather than
requiring an absolute rating). This approach has been widely
used in social science to measure argument persuasiveness,
ideology, and textual complexity (32, 33). This design enabled
us to analyze how perceptions of humanness differed across
model outputs, platform context, semantic features, and
partisan alignment.

The study yields three main contributions. First, to the
best of our knowledge, we conduct the first large-scale, cross-
platform evaluation of perceived humanness in online political

∗We used a bot detector to determine if the posts were likely authored by a bot or not, and found
only 2 were classified as likely bots. See SI Appendix for more details.

discourse. Second, we propose a novel Perceived Humanness
Indicator (PHI) score for text that estimates how human a
post is assessed to be, where we define perceived humanness as
the subjective impression that a piece of content was authored
by a human. This definition captures how individuals
interpret the linguistic properties and other cues that suggest
humanness in written communication. This in turn helps
us measure how audiences evaluate content authenticity.
Third, our results demonstrate that audiences can distinguish
AI-generated from human-authored political content across
most conditions, yet this capacity varies systematically.
Detection declines with newer, larger LLMs while remaining
generally robust on most social media platforms. Certain
semantic features, related to civility, emotion, and sentiment,
influence perceived humanness. Individual differences also
shape detection, with men and white participants showing
higher accuracy than women and non-white participants, and
Republicans selectively misclassify ideologically-aligned AI
personas as human.

Results

We report results in four parts, mapping to our research
questions: (1) discernment of human versus AI authorship
based on LLMs and platforms, (2) semantic features on
humanness judgment, (3) individual traits that predict
detection capacity, and (4) political partisan alignment on
humanness perceptions of AI-generated posts.

Individuals’ ability to discern human-authored from AI-gener-
ated posts. We begin by examining participants’ ability to
distinguish between human-authored posts and AI-generated
posts across six different LLMs using PHI scores that range
from −1 (AI-authorship) to 1 (human-authorship). Figure 1,
“A) Pooled Estimates” presents the pooled marginal means
of PHI scores, with each point estimate representing the
adjusted mean level of perceived humanness and the error bars
indicating 90% and 95% confidence intervals (CIs). Values
above zero indicate judgments leaning toward ‘more human’
while values below zero indicate judgments leaning toward
‘more AI-like’.†

When comparing participants’ judgement of humanness
across the six LLMs, human-authored posts were judged as
significantly more human (M = 0.12, 95% CI [0.08, 0.16]).
Outputs from four (GPT-4, GPT-4o, GPT-4o mini, Llama
2) out of six LLMs were judged as significantly more AI-like,
with mean PHI scores ranging from –0.28 to –0.07 (GPT-4:
M = –0.10, 95% CI [–0.17, –0.04]; GPT-4o: M = –0.13, 95%
CI [–0.19, –0.06]; GPT-4o mini: M = –0.07, 95% CI [–0.13,
–0.00]; Llama 2: M = –0.28, 95% CI [–0.35, –0.21]). Posts
generated by Llama 3.3 were the exception and judged as
significantly more human-like (Mean = 0.23, 95% CI [0.16,
0.29]), indicating that participants frequently misclassified
posts from the more recent Llama model. Llama 3.2 was the
only model not significantly different from zero. Pooling from
all social media platforms, results show participants are able
to distinguish between human-authored and AI-generated
posts.

We now describe how PHI scores varied across the social
media platforms. Figure 1, B) Platform Estimates presents

†As AI-generated posts comprised the majority of stimuli in our dataset, the zero line captures
participants’ perceptual midpoint rather than an equal distribution of human-authored or AI-
generated posts.
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Fig. 1. Pooled- and Platform-Level Estimates of Perceived Humanness
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B) Platform Estimates
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unpooled marginal means with 95% and 90% confidence
intervals of the PHI scores across four different platforms –
Twitter/X, Youtube, Truth Social, TikTok.

Three of the four platforms displayed noticeable separation
in participants’ ability to distinguish posts as human or AI.
YouTube showed the clearest distinction. Human-authored
posts were judged as significantly more human (M = 0.13,
95% CI [0.04, 0.22]), while most LLM-generated posts were
correctly classified as AI, especially posts from GPT-4 (M =
-0.17, 95% CI [-0.29, -0.04]) and Llama 2 (M = -0.17, 95% CI
[-0.30, -0.04]). Llama 3.3 was the one LLM whose YouTube
comments were identified as more human-like than human
posts. TikTok and Truth Social showed similar patterns
as YouTube. Twitter/X showed the weakest differentiation
between human- and AI-generated posts. Among Twitter/X
model outputs, only GPT-4o was significantly judged as more
AI-like (M = 0.27, 95% CI [-0.40, -0.14]). For the rest, human
posts as well as the other LLM outputs were not statistically
different from zero. In sum, our unpooled results are robust
across most platforms. YouTube, TikTok, and Truth Social
demonstrated a clear human-AI separation with five of six
models perceived as more AI-like and one perceived as more
human-like than the human posts. Twitter/X was a notable
anomaly with minimal reliable discernment.

Semantic features of perceived humanness at the post-level.
We now investigate how semantic features of the human-
authored and AI-generated posts correlate with participants’
perceptions of humanness. We define “semantic features”

as measurable linguistic cues that encode what is said
(denotation) and how it is said (connotation) (34).‡

Figure 2 presents the marginal effects for each semantic
feature with corresponding 90% and 95% confidence intervals.
Results show that in the first semantic category of civility,
both offensive language (M = 0.12, 95% CI [0.05, 0.18])
and the presence of hateful speech (M = 0.17, 95% CI
[0.01, 0.33]) were significant positive predictors of perceived
humanness. Irony was not statistically different from zero. In
the second semantic category, emotion, all three categories,
optimism (M = 0.17, 95% CI [0.09, 0.25]), sadness (M =
0.17, 95% CI [0.05, 0.28]), and joy (M = 0.16, 95% CI [0.09,
0.23]), are statistically significant predictors of perceived
humanness, showing participants often associate emotion
with human-generated content. Thirdly, in the sentiment
category, negative sentiment is positively associated with
humanness (M = 0.16, 95% CI [0.01, 0.23]), and positive
sentiment was negatively related to humanness (M = -0.08,
95% CI [-0.15, -0.01]), suggesting humans tend to perceive
overly positive posts as being generated by AI chatbots§

Individual traits that influence ability to identify AI-posts. We
further examined how individual characteristics of the raters
predict the ability to correctly identify AI-generated posts
when paired against human-authored posts.¶

‡For every post, we used TweetEval (35) to classify whether the post contains the following three
semantic categories: Civility (Irony, Hate, Offensive), Emotion (Joy, Optimism, Sadness), and
Sentiment (Positive, Negative).

§As a robustness check, we carried out this semantic analysis for each platform (Twitter/X, YouTube,
TikTok, and Truth Social). We found that the pattern of coefficients was broadly consistent with
these aggregated results.

¶The experiment randomized all post pairings (human-human, AI-AI, or human-AI). For this analysis,
we filtered to include only pairs containing one human-authored and one AI-generated post.

Paik et al. PNAS — March 15, 2026 — vol. XXX — no. XX — 3
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Fig. 2. Post-Level Semantic Features Associated with Perceived Humanness
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Note: The horizon-
tal bars represent the corresponding 90% and 95% confidence intervals.

With regard to demographics, only gender and race were
significant predictors. Males were more likely than females to
correctly identify AI posts (β = 0.021, 95% CI [0.00, 0.04]),
and White participants likewise showed a positive effect (β
= 0.03, 95% CI [0.008, 0.067]) (plot A of Figure 3). All other
demographic characteristics (age, education, hispanic, and
political affiliation) were not significantly different from zero.

For the attitudinal covariates, higher offline news con-
sumption was associated with significantly lower accuracy
in identifying AI posts (β = -0.015, 95% CIs [-0.028,-
0.002]), meaning that individuals who rely more heavily on
traditional, non-digital news sources are potentially worse
at distinguishing AI posts from human-authored ones (plot
B of Figure 3). Lower trust in news, both online and
offline, was negative, but not statistically significant. Online
News Consumption, News Cynicism, Interest in Politics, and
Conspiracy Beliefs variables were also insignificant, with
effects near zero.

Lastly, platform-specific news habits revealed that people
who consume news on X/Twitter were significantly more likely
to identify AI authorship when evaluating X/Twitter posts
(β = -0.024, 95% CI -0.006, -0.042]), whereas the analogous
effect did not emerge for YouTube. In contrast, TikTok news

consumers were significantly less likely to identify AI posts
on other platforms such as X/Twitter and YouTube. (plot
C of Figure 3). Together, the results indicate modest but
meaningful individual differences centered on gender, race,
and news consumption habits.

Political personification of LLMs and participants’ partisan
alignment. Finally, we explore whether partisan congruence
between respondents and the political persona of AI-generated
posts shapes humanness judgments.‖

Partisan asymmetries in perceived humanness emerged
primarily among Republicans. They were less likely to
label Conservative and Populist personas as AI-generated,
treating those ideologically-aligned voices as more human.
Republicans were also more likely to identify posts from
Liberal and Progressive personas as being AI-generated. In
the most extreme cases, Republicans were five percentage
points (β=0.057, CI 95% [0.028, 0.085]) more likely to identify
a progressive post as AI-generated compared to Democrats,
and eight percentage points (β=0.081, CI 95% [0.052, 0.111])
and four percentage points (β=0.042, CI 95% [0.014, 0.071])

‖For this analysis, we consider only AI-AI pairs, and examine how participants’ party identification
interacted with the political persona of the posts.
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less likely to identify a post from a Libertarian Populist
and Conservative personas, respectively, as AI-generated (see
Figure 4). We did not observe strong partisan effects among
Democrats.

Discussion

While warnings about AIGC’s threat to democratic discourse
have proliferated, with 80% of countries holding elections
in 2024 reporting GenAI incidents and nearly 70% of those
judged harmful to election integrity (36), our study reveals
a more complex reality. By examining perceived humanness
of posts about the 2024 Harris-Trump presidential debate
across multiple LLMs, social media platforms, semantic
features, and individual traits, we find that humans retain
substantial capacity to detect AI-generated political content.
This result challenges assumptions of inevitable detection
failure that have shaped recent policy debates (37, 38).
However, this capacity is neither uniform nor guaranteed.
Human judgment succeeds across most conditions while
declining in certain circumstances, varying systematically
with model architecture, platform constraints, and individual
characteristics.

We first find that participants often distinguished human-
authored posts from AI-generated ones, with human content
rated as more human and several models (GPT-4 variants,
Llama 2) judged as more AI-like. Yet newer models blurred

this boundary, with Llama 3.3 frequently misclassified as
human. The progression from Llama 2 (reliably detected)
to Llama 3.3 (misclassified as human) occurred in only
about 18 months, demonstrating that model inputs and
architecture can shape perceptual distinctiveness, and that
all of these patterns may shift quickly as models change.
Meta’s incorporation of Facebook and Instagram data into
Llama’s training corpus (39) further reveals how the injection
of critical and relevant data could increase human-like stylistic
fluency and reduce discernibility for content formats such as
short social media posts. Similar patterns in UK election
contexts show newer models like Llama 3 and Gemini
achieving above-human levels of perceived humanness, with
participants unable to distinguish AI-generated from human-
written content over 50% of the time (28).

Beyond LLM variations, our results also reveal contextual
variation across social media platforms and news consumption
habits on these platforms. Participants were largely able
to distinguish human-authored from AI-generated posts on
YouTube, TikTok, and Truth Social, yet on X/Twitter these
differences collapsed and judgments approached chance. This
pattern is notable given X/Twitter’s prominence as a venue
for real-time political conversation and breaking news (40).
Prior research has shown that the brevity and stylistic
homogeneity of tweets make them difficult to differentiate

Paik et al. PNAS — March 15, 2026 — vol. XXX — no. XX — 5
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Fig. 4. Partisan Congruence Effects in AI-AI Pairs of Politically-Personified LLMs

along dimensions such as credibility or platform source cues
(41, 42), a limitation that likely extends to AI detection.

These platform differences extend to reflect underlying
variation in the semantic cues audiences use to judge
authenticity. Our semantic results reveal that audiences
distinguished between specific, nuanced emotional expressions
and generic sentiment signals. Specific emotions, whether
positive (optimism, joy) or negative (sadness), increased
perceived humanness, as did norm-violating content such
as offensive language and hate speech. In contrast, generic
positive sentiment was associated with AI-like perception.
This pattern suggests a mechanism for misclassification.
Humans appear to equate vivid, situated emotional content
and norm-violating language with human authorship, while
stereotyping AIGC as uniformly upbeat and generically
positive (43).

Individual characteristics modestly moderated detection
accuracy. While men and white participants showed slightly
higher accuracy than women and non-white participants,
these differences operated within a context where most
demographic groups demonstrated above-chance detection.
Among attitudinal covariates, higher offline news consump-
tion was associated with significantly lower accuracy in
detecting AI-generated posts when paired against human-
authored content. These effects echo existing patterns where
individual trait asymmetries shape confidence and accuracy in
evaluating the authorship of online information (28). Partisan
motivation in labeling content as AI-generated appeared
primarily among Republicans, who were more likely to label
ideologically-aligned (Conservative or Populist) AI personas
as human and ideologically-opposed (Progressive) personas
as AI-generated. Such findings mirror public opinion data
from the 2024 election, which show that concern about
AIGC misinformation was patterned by partisanship and
demographics, rather than direct exposure to synthetic
content (44) and that judgments of algorithmic systems often
follow trust-based heuristics rather than technical knowledge
(45).

We pause to note that this study has several limitations.
First, while the use of the 2024 U.S. presidential debate
provided a consistent topical anchor, the focus on a single,

highly salient political event prevents us from generalizing to
other issue domains and lower-salience contexts. Additionally,
while human-authored posts were sampled directly from
the four platforms, we could not verify authorship with
complete certainty. Our data collection took place (first
wave in fall 2024) soon after the release of the tested LLMs
(2023-2024), during a period when large-scale AI-generated
activity on social media was beginning to emerge yet remained
difficult to quantify. Lastly, despite a large and diverse
sample, limitations of online survey experiments, such as
the artificiality of pairwise comparisons evaluated through
a survey platform, should temper strong claims about how
judgments operate in fully naturalistic environments. Future
research could expand beyond single-event contexts to exam-
ine how perceived humanness evolves across issue domains
and across different platform environments with distinct
stylistic conventions. Combining behavioral experiments
with trace data could capture how judgments interact with
engagement and spread dynamics in naturalistic settings.
Beyond judgments of perceived humanness, future work
could also test other more contextually-tailored downstream
outcomes such as persuasion or trust.

The conditional nature of human’s capability to correctly
detect authorship necessitates interventions calibrated to
specific contexts where detection fails, rather than one-size-
fits-all approaches. Where human detection is weak in
content from newer models like Llama 3.3 and X/Twitter-
specific posts, technical interventions can be applied such
as embedding watermarking when posts are generated,
building tools to help social media users easily check the
authenticity and veracity of political media they engage
with, and encouraging platform policies to require identity
verification for political accounts during electoral periods.
For individual vulnerabilities, where offline news consumers
show lower AI detection accuracy and demographic gaps
exist, targeted media literacy for these groups, rather than
generic AI awareness measures for a general-purpose audience,
becomes essential. Finally, for policymakers, regulatory
frameworks must remain adaptive and context-specific as
model capabilities and human detection strategies coevolve.
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Our findings reveal that human capacity to distinguish
AI-generated from human-authored political content is sub-
stantial but conditional, succeeding across most contexts
while declining systematically with newer models, platform
constraints, and partisan motivations. For now, human
judgment remains a viable defense in assessing content
authenticity. This capacity matters not because all AIGC is
malicious, but because recognizing when content may be AI-
generated enables more informed evaluation of its credibility,
origin, and intent. As AI outputs converge with human
discourse through platform-specific training, current detection
cues will likely erode. New distinguishing features may emerge
or evaluation strategies may adapt, but accurate identification
will increasingly require humans to draw on both content-level
and source-level signals. The future of democratic discourse in
AI-saturated information environments depends on preserving
human agency across the full chain of political communication,
from production to dissemination to consumption. At stake
is not only how AI-generated political information is created,
but whether citizens can recognize it as such and maintain the
informed, independent judgment that democratic legitimacy
requires.

Materials and Methods

We divide our methodology into four components: survey de-
sign, data collection, explanation of the perceived humanness
indicator score, and analysis.

Survey design. To evaluate how individuals assess the per-
ceived humanness of human-authored vs. AI-generated
political social media content, we conducted two U.S. based
online surveys (combined N = 1,122), centered on social
media posts on the 2024 U.S. presidential debate. The
first survey was launched in March 2025 (N = 559 passed
all attention checks from an initial total of 601) featuring
X/Twitter and YouTube content, and the second in June
2025 (N = 563 passed all attention checks from an initial
total of 606) featuring Truth Social and TikTok content. The
surveys were designed and deployed on Qualtrics (46) and
participant recruitment and distribution occurred on Connect
(47). Details on participants’ demographic breakdown are
included in SI Appendix. Both surveys received approval from
Georgetown University’s Institutional Review Board.∗∗

Participants were asked questions related to their demo-
graphics, political identity, trust in media, conspiracy beliefs,
cynicism towards the news, and news consumption habits
on specific-platforms.†† Then, participants completed 30
pairwise evaluations split into two 15-item blocks per survey
wave. In each evaluation, participants were asked to indicate
which of the two posts (A or B) was more likely to have been
generated by an AI chatbot. Within platform, each item was
paired multiple times against others to enable robust rank
estimation; pair types (human–AI, human–human, AI–AI)
and order were fully randomized. Across both survey waves,
we collected responses to 19,500 unique pairwise comparisons
using 2,386 social media posts (1,690 AI-generated, 696
human-authored). Three attention checks were embedded
throughout the survey to verify annotator engagement. Only

∗∗STUDY00008554: Labeling Humanness and Misinformation Data
††The sample was balanced across demographic categories including gender, age, race, and political

affiliation to ensure diversity and representativeness. Full question wording is available in the SI
Appendix, Table S3 - S6

respondents passing all checks were retained. Questionnaire
and attention check wordings, accompanying descriptive
statistics, and details on pairwise construction are available
in SI Appendix.

Pairwise comparisons provide robust scaling of latent
perceptions. In our case, perceptions of humanness of social
media posts was measured by leveraging relative rather
than absolute judgments (simply put, by asking which of
the two posts seems more AI-like rather than requiring an
absolute rating). Recent research has also shown that pairwise
comparisons reduce bias and measurement error compared to
traditional annotation methods (48), and relative annotation
methods lead to more reliable labels by reducing individual
biases in scoring (49).

Data collection. In order to construct our pairwise evaluation
task, we collected the following datasets: 1) human-authored
posts from four social media platforms – X/Twitter, YouTube,
Truth Social, and TikTok, and 2) AI-generated posts from six
LLMs – GPT-4, GPT-4o, GPT-4o Mini, Llama 2, Llama 3.2,
Llama 3.3. Table 1 shows the final count of posts collected for
each platform and LLM combination used in our surveys. The
content of both human-authored and AI-generated posts focus
on the September 10th, 2024 presidential debate between
Kamala Harris and Donald Trump.

Human-authored posts. For X/Twitter, we collected posts using
hashtags #debatenight and #debate2024 during a 30-hour
window from September 9, 2024 at 11:57 PM to September 11,
2024 at 5:26 AM ET, capturing both real-time reactions as
well as pre- and post-debate commentary. Truth Social posts
were collected from 7:00 PM to 11:59 PM ET on September
10, 2024, using the same hashtags. YouTube and TikTok
video comments were scraped from ten selected videos per
platform discussing the debate. While we cannot guarantee
that the human-authored posts collected for this study was
not AI-generated or purely human-authored, we took steps
to verify that the posts originated from human-operated
accounts rather than bots. We also conducted automated bot
detection analysis on our X/Twitter human-authored post
dataset using the Botometer API () (see SI Appendix for
details).

AI-generated posts. To emulate the human-authored posts
collected above, we prompted six LLMs for our AI-generated
posts dataset. We used both the GPT family of closed
models (GPT-4 (50), GPT-4o (51), GPT-4o mini (52), and
the LLama family of open models (Llama 3.3 (53), Llama 3.2
(53), and Llama 2 (54)). In both cases, we consider models
with different numbers of parameters.

Prompting followed both a general and platform-tailored
template. For all four platforms, we prompted each LLM
to create 20 posts mimicking the voice and opinions of five
different political personas – Progressive, Liberal, Moderate,
Conservative, Libertarian Populist. Full description and
prompt wording for the five political personas are in SI
Appendix. For platform-specific guidance, X/Twitter and
Truth Social prompts included the full debate transcript and
LLMs were instructed to produce posts that would contain
between 70-279 characters with variations in punctuations,
emojis, and hashtags related to the provided debate transcript.
YouTube and TikTok prompts included video transcripts that

Paik et al. PNAS — March 15, 2026 — vol. XXX — no. XX — 7
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Platform Human GPT-4 GPT-4o GPT-4o Mini Llama 2 Llama 3.2 Llama 3.3 Total
X Posts 203 67 67 66 56 74 60 593
YouTube Comments 153 75 75 75 73 74 75 600
TT Posts 179 75 75 75 47 76 73 600
TS Comments 161 75 72 75 73 66 71 593
Total 696 292 289 291 249 290 279 2386

Table 1. Final counts of posts/comments by platform and model

we manually collected from these platforms (more details
in SI Appendix) and LLMs were asked to generate video
comment-like posts between 5-50 characters related to the
given transcripts. Additional prompt details and justifications
for platform-specific instructions are in SI Appendix.

Data preprocessing. Both the human-authored and AI-
generated posts underwent systematic cleaning to ensure
consistency and user privacy protection. For all platform
posts, user mentions were anonymized by replacing usernames
with ”@USER” tokens, and URLs were replaced with non-
functional placeholder links. Language filtering was applied to
retain English-only content across platforms using LangDetect
(55). The AI-generated content also required additional
processing to ensure authenticity and diversity. We imple-
mented a uniqueness constraint requiring the first five words
of each generated post to be distinct, preventing repetitive
outputs. Malformed emoji tokens (e.g., ”:happy”, ”:cry”)
generated by language models were removed to maintain
realistic formatting. Additional data cleaning details are in
SI Appendix.

A. The Perceived Humanness Indicator (PHI) Score. We
converted our survey’s pairwise responses into continuous
humanness scores using the Bradley-Terry (BT) model
(56), which estimates relative item strength from pairwise
comparison outcomes. For posts i and j, the model defines the
probability that annotators perceive post i as more human-
like as:

P (i ≻ j) = eγi

eγi + eγj
[1]

where γi and γj are latent humanness scores estimated from
all comparisons. Scores were optimized iteratively until
predicted outcomes aligned with observed judgments and then
normalized to [−1, 1]. We term these normalized scores the
Perceived Humanness Indicator (PHI): the closer a post’s PHI
to -1, the more AI-like it appeared to annotators, while the
closer to 1, the more human-like it appeared. This continuous
measure avoids limitations of binary scoring by capturing
subtle linguistic distinctions in perceived human-authorship
authenticity.

B. Analysis. Using our data collection and survey responses,
we conducted the following analyses.

Marginal Effects of Pooled- and Platform-Level Assessments of PHI .
Using our dataset of posts and their PHI scores, we assessed
differences by post source by estimating the marginal effects of
these scores, both pooled across all platforms and separately
by platform. The pooled estimates summarize the overall
effect of post source on humanness ratings. Platform-specific
estimates allow us to examine how the perceived humanness of

each source varies across platforms. Together, these analyses
quantify how human and different LLMs compare in terms
of perceived humanness, both overall and within each social
media contexts.

Semantic Feature Extraction and Analysis. . To investigate how
semantic features influence perceived humanness, we applied
TweetEval’s language markers classifiers to all of our collected
social media posts to generate binary labels indicating the
predicted presence or absence of semantic features (35). These
binary indicators specify whether each semantic characteristic
was detected in the text. We organized semantic features
across three categories: Civility (Irony, Hate, Offensive),
Emotion (Joy, Optimism, Sadness), and Sentiment (Positive,
Negative). SI Appendix contains details on our category
breakdown. The semantic feature analysis takes advantage
of the pairwise design since the BT model estimation yields
post-level PHI scores. We ran a standardized Ordinary Least
Squares (OLS) regression at the post-level predicting the
PHI score, conditional on the semantic features of the posts.
This approach allowed us to perform downstream analyses of
how specific semantic expressions contribute to perceptions
of humanness in social media content – regardless of their
authorship.

Individual-Level Predictors of Correctly Identifying GenAI Posts. To
analyze individual differences in AI detection ability, we
estimated mixed-effects logistic regression models predicting
the correct identification of AI-generated posts in randomized,
human-AI post pair comparisons. Our dependent variable was
a binary indicator of whether participants correctly identified
the AI-generated post when presented within these pairs.

We estimated three model specifications: (1) demograph-
ics (age, education, gender, race, political affiliation), (2)
attitudinal (news trust and consumption on/offline, news
cynicism, political interest, and conspiracy beliefs), and (3)
interaction models examining whether platform-specific news
consumption habits affected detection accuracy differently
across social media platforms. The interaction models
tested whether participants’ familiarity of consuming news
on specific platforms (measured through news consumption
frequency on Facebook, X/Twitter, TikTok, and YouTube)
influenced their ability to detect AI-generated content from
those same platforms. To control for baseline differences
among respondents, as well as effects from the ordering
of the pairs, all models employ random intercepts at the
participant-level and at the order in which the participant
saw a given pair in the survey (57). All continuous predictors
were standardized to facilitate interpretation of effect sizes.
More information on the construction of our regression and
interaction models can be found in SI Appendix.
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Partisan Effects in AI-AI Pairs of Politically-Personified LLMs. To
examine whether partisan identities influenced participants’
perceptions, we analyzed AI-AI post pair comparisons
where participants chose between AI-posts generated with
different political personas (Progressive, Liberal, Moderate,
Conservative, and Libertarian Populist). We modeled the
probability of participants selecting a post as AI (0/1) using a
Linear Probability Model (LPM) conditional on participants’
party identification (Democrat vs. Republican), the political
persona assigned to the post, and their interaction. For each
pair, we recorded the annotator’s party identification and
which persona’s post was selected as more human-like.
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