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Abstract

Community-based fact-checking systems, such as X’s Com-
munity Notes program, offer a potentially scalable approach
against online misinformation diffusion. However, their ef-
ficacy is substantially undermined by the delay of fact-
check delivery. To address this challenge, we investigated the
promise of organic user comments as rapid corrective sig-
nals by analyzing a large-scale dataset of over 2.2 million
comments directed to 1,841 community fact-checked mis-
leading posts. We developed a high-performance language
model pipeline to identify “fact-checking (FC) comments”,
i.e., comments that correct source posts with reasoning or
evidence (91% accuracy). Using this pipeline, we find that
99.4% of misleading posts receive their first FC comments
before the official community note is created. Notably, the
median time to the initial FC comment is only 0.1 hours,
while the creation of community notes has a median latency
of 9.7 hours since the publication of misleading posts. Ad-
ditionally, compared to random posts, those misleading posts
with displayed notes have significantly more FC comments.
This suggests that FC comments are a unique pattern for
misleading posts. We further identified characteristics of FC
comments’ intensity and speed: (i) FC comments’ volume
is significantly associated with content richness and misin-
formation type, favoring multimedia content and missing-
context scenarios; (ii) the speed of FC comments remains ro-
bust across diverse topics and emotional intensities. These re-
sults suggest that platforms could use FC comments as early-
warning signals, and potential resource for complementing
community notes or automated synthesis.

Introduction

The proliferation of online misinformation poses a criti-
cal challenge, with far-reaching negative effects on soci-
eties (Xu, Fan, and Kankanhalli 2023; Yu et al. 2024).
Consequently, social media platforms are under persistent
pressure to innovate their content moderation strategies
for scalable fact-checking. Among emerging approaches,
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community-based fact-checking has gained increasing at-
tention (Prollochs 2022; Drolsbach, Solovev, and Prollochs
2024; Chuai et al. 2026). For instance, X has introduced the
Community Notes program, which allows users to collab-
oratively add context annotations to potentially misleading
posts (Prollochs 2022). Prior work highlights this system’s
potential benefits, including increased transparency, the in-
corporation of diverse perspectives, perceived trustworthi-
ness, and effectiveness in reducing user engagement (Drols-
bach, Solovev, and Prollochs 2024; Chuai et al. 2026;
Slaughter et al. 2025). Despite these strengths, a key lim-
itation of this approach is the lack of timeliness, particu-
larly during the early stage of misinformation dissemina-
tion (Chuai et al. 2026). Community-based fact-checking
typically relies on contributors to write notes and reach
cross-group consensus, which could cost hours or even
days (Guo, Schlichtkrull, and Vlachos 2022). Consequently,
misinformation may spread widely before corrective notes
appear, constraining the effectiveness of this community-
based approach (Chuai et al. 2024).

To reduce this latency, we investigate a potentially useful
resource (Miyazaki et al. 2023; Jiang and Wilson 2018): the
real-time fact-checking responses in user comments (Fig-
ure 1). We hypothesize that user comments, particularly
those generated moments after the publication of corre-
sponding posts, may contain early signals of debunking in-
formation that precede community notes. Notably, effec-
tively harnessing this data requires a systematic analysis of
its existence, timeliness, and characteristics. Therefore, this
paper aims to empirically validate whether user comments
can serve as a corrective signal for fact-checking. We struc-
ture our investigation into three research questions (RQs):

RQ1 (Feasibility): How accurately can language models
detect fact-checking intents in comments, and how prevalent
are they across misleading posts?

RQ2 (Timeliness): Do fact-checking comments precede
community notes, and is this temporal dynamic unique to
misleading posts?

RQ3 (Characteristics): What factors are associated with
the volume and latency of these fact-checking comments,
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Figure 1: An example of a misleading post followed by its
FC comments and displayed community note.

and how do they differ from general user engagement?

To address these RQs, we analyzed N = 2,225,260 di-
rect comments to 1,841 misleading posts, annotated by X’s
Community Notes program. We supplemented this dataset
with two control groups lacking helpful community notes or
containing no notes at all.

Towards RQ1, we proposed an automated pipeline to de-
tect fact-checking (FC) comments, defined as comments that
contradict or correct a source post through specific reason-
ing or external evidence. Specifically, we focus on iden-
tifying fact-checking intent over factual veracity to cap-
ture early corrective signals, acknowledging that these com-
ments may not always align with professional verification
standards. We evaluated multiple Large Language Models
(LLMs) and found that Claude-4.5 yielded the best zero-shot
performance (93% accuracy, Cohen’s k=0.66). To scale this
detection, we fine-tuned several language models (e.g., ES,
RoBERTa-base) on a LLM-labeled subset of 50,000 com-
ments. The ES model achieved the highest performance,
with 91% accuracy and a macro average recall of 0.86.

Towards RQ2, our analysis confirms that organic user
comments emerge long before official community notes. We
found that 99.4% of misleading posts receive their first FC
comment before an official community note is created. The
median latency for the first FC comment is just 0.10 hours,
compared to 9.7 hours for a community note relative to the
post’s publication. Robustness checks found 49.8% of com-
ments with fact-check URLs precede the first community
note’s creation time. Furthermore, comparative analysis in-
dicates that posts receiving a displayed note have signif-
icantly more FC comments than posts with no displayed
notes or no community notes. On average, 70 FC comments
accumulate before a community note is created, offering po-

tential source for early mitigation.

Towards RQ3, we identified several factors associated
with the intensity and speed of FC comments. First, FC
comment volume is linked to content richness. While high
follower counts increase overall engagement, longer posts
(b = 0.255) and multimedia content (b = 0.350) uniquely
associate with FC intensity, where non-FC comments show
no such correlation. Second, FC comments’ count vary by
posts’ characteristics. Posts flagged for “missing context”
uniquely associate with higher counts (b = 0.177). Con-
versely, finance topics (b = —0.374), or claims involving
satire (b = —0.302) and factual errors (b = —0.188) signifi-
cantly suppress FC comments’ count. Third, the speed of FC
comments is stable across diverse contexts, unlike general
engagement, which is sensitive to factors like author verifi-
cation and media presence.

Collectively, this paper makes three contributions: (i) We
develop a high-performance detection framework using fine-
tuned language models to identify FC comments at scale.
(i) We empirically demonstrate that organic user comments
provide rapid corrective potential and emerge earlier than
community notes. (iii) We provide a characterization of the
volume and speed of organic FC comments, identifying
post- and comment-level associating factors.

Background and Related Work

User-Centric Evidence in Misinformation
Detection

Current research on using comments for misinformation
detection adopts two main strategies: hybrid methods that
combine comments with post content, and methods that
rely solely on comments. Hybrid approaches often integrate
emotional features or textual data from both news posts
and their associated comments to improve detection accu-
racy (Hamed, Ab Aziz, and Yaakub 2023). By combining
these information sources, such models achieve higher re-
call than those analyzing news articles in isolation (Albahar
2021; Yanagi et al. 2020).

Alternatively, some studies focus exclusively on the com-
ments. For visual misinformation, researchers developed de-
tectors, using the topological, semantic, and linguistic fea-
tures of comments to distinguish between authentic and ma-
nipulated images (Zhang et al. 2018; Shang et al. 2020).
Jiang and Wilson (2018) investigated linguistic signals, such
as emotional tone and topical patterns, in user comments to
detect misinformation. Miyazaki et al. (2023) characterized
spontaneous debunking behaviors towards COVID-19 mis-
information. Pilarski, Solovev, and Préllochs (2024) com-
pared the target selection of Community Note program’s
contributors against users who provide links to professional
fact-checks within their comments. Here, we extend the cur-
rent research scope by quantifying the speed advantage of
user comments compared to community notes.

Scaling Up Fact-Checking

Traditional fact-checking by experts is often limited by is-
sues of scalability and public trust (Pennycook and Rand



2019; Straub and Spradling 2022). In response, crowd-
sourced and automated solutions emerged as scalable alter-
natives (Kim and Walker 2020; Quelle and Bovet 2024). For
example, initiatives such as the Commuity Notes program
invites contributors to write debunking community notes,
and uses bridging algorithms to select community notes that
are helpful (Chuai et al. 2024). The Community Notes pro-
gram has proven effective because it often aligns with ex-
pert judgments, resists partisan reasoning, and reaches broad
online communities (Allen et al. 2021; Epstein, Pennycook,
and Rand 2020; Micallef et al. 2020).

In parallel, automated systems leveraging LLMs have
shown potential in supporting various stages of fact-
checking, including identifying misleading claims (Qi et al.
2024), verifying information (Wang and Shu 2023), and gen-
erating explanations (Yue et al. 2024; He, Ahamad, and Ku-
mar 2023; Zeng and Gao 2024). While some recent work fo-
cuses on synthesizing structured community notes (De et al.
2025), our work examines the potential value of organic user
comments. Furthermore, LLMs have demonstrated promise
in enhancing collective decision-making by summarizing
diverse perspectives, mapping opinions to consensus state-
ments (Yang et al. 2024; Burton et al. 2024), or representing
multiple summary viewpoints (Fish et al. 2024). However,
processing the vast volume of organic social media com-
ments remains a significant challenge. Our paper proposes
a framework to extract and utilize organic comments, espe-
cially FC comments.

RQ1: Identifying FC Comments

To address RQ1, which evaluates the feasibility of detect-
ing fact-checking intent within user comments, we adopted
a two-stage method. First, we validated LLMs’ capabil-
ity to identify FC comments by comparing their perfor-
mance against human annotators. Second, utilizing anno-
tations from the best-performing LLM, we fine-tuned cost-
effective models to scale detection across our dataset.

Dataset

We used the dataset collected by Chuai et al. (2025), contain-
ing 2,225,260 direct comments across 1,841 source posts.
The dataset combines three different sources: community
notes, source posts, and user comments. For each post, we
acquired the timestamp at which a community note was
created, became visible, and the timestamps of all associ-
ated comments. While community notes may exhibit status
volatility due to rating fluctuations, our analysis focuses on
their initial public visibility timestamp. This provides a con-
servative measurement. By comparing comments against the
first instance of a note’s display, we ensure that these com-
ments precede subsequent displays. Furthermore, because
comments posted after a note becomes visible for the first
time may reflect reactions to its corrective information rather
than independent fact-checking, including them would con-
found our analysis. Therefore, we restricted our analysis to
comments posted prior to the publication of the correspond-
ing community notes.

Task Definition and Annotation Schema

We operationalized “FC comments” as comments that sat-
isfy two conditions: (1) stance, in which the comment
clearly challenges, refutes, or questions the validity of the
original post, and (2) substance, where the comment pro-
vides specific reasoning or evidence rather than mere insults.
Different from the multi-class taxonomy used by the Com-
munity Notes program, this criteria prioritized the underly-
ing fact-check intent of comments.

We further translated this definition into inclusion and ex-
clusion criteria. Specifically, the inclusion criteria for FC
comments required the presence of: (1) external evidence
(e.g., links, reports), (2) identification of manipulation (e.g.,
“image is photo-shopped”), (3) logical reasoning pointing
out contradictions, (4) domain knowledge explaining factual
inaccuracies, or (5) corrections of specific facts. Conversely,
the exclusion criteria filtered out: (1) agreement with the
post (e.g., “this is true!”, “good point”), (2) pure insults (e.g.,
“you are a liar”, “OP is dumb”), (3) unsubstantiated slogans
(e.g., “fake news!”) without evidence, (4) general queries
(e.g., “really?”). We implemented these criteria via prompts
that required structured JSON output, specifying both the
classification label and the refuting reason.

Feasibility Validation via LLMs

To ensure annotation reliability, we evaluated four state-of-
the-art models: gpt-5, claude-4.5, gemini-3, and deepseek-
v3.2. We performed reliability checks on a random subset of
1,000 comments. First, we assessed intra-model consistency
by prompting each model twice for each comment, where
the averaged Cohen’s x was 0.88, indicating high consis-
tency. Second, we assessed inter-model consistency, yield-
ing a Fleiss’ k of 0.64, indicating high agreement.

To validate the LLM-based approach, we recruited eight
trained student assistants to independently annotate a ran-
dom subsample of 500 comments using the same crite-
ria. The number is determined following prior NLP prac-
tices (Zhou et al. 2023; Yiliang et al. 2025). They initially
annotated 100 comments. Inter-annotator agreement (IAA)
among human annotators was moderate (x=0.43). They then
engaged in a consensus-building session to resolve discrep-
ancies, which primarily focus on distinguishing simple refu-
tations from evidence. During this phase, we provided them
the Community Notes program’s fact-checking rationales,
such as identification of “outdated information”, as exam-
ples. Following this process, they annotated the entire 500
comments. The IAA reached a x of 0.61, indicating sub-
stantial agreement.

We then benchmarked multiple LLMs against a human-
derived ground truth, constructed by taking the weighted av-
erage of human annotations to reflect the aggregate consen-
sus. Each comment was encoded as 0 (non-FC) or 1 (FC),
and comments with an average score above 0.5 were treated
as FC comment. Under this evaluation scheme, claude-4.5
achieved the highest alignment (Cohen’s k=0.66, acc=93%),
outperforming gemini-3 (k=0.60, acc=89%), gpt-5 (k=0.54,
acc=88%), and deepseek-v3 (k=0.50, acc=86%). Based on
this performance, claude-4.5 was selected for performing



the final dataset annotation. We randomly sampled another
50,000 comments (with no overlap with human-annotated
comments) and annotated them using claude-4.5. This sam-
ple size was sufficient for model training to converge, align-
ing with prior work (Li et al. 2021; Conforti et al. 2020).

Scalable Detection

To enhance computational and financial scalability in iden-
tifying FC comments, we fine-tuned several state-of-the-
art language models. Our primary classifier was built on
E5 (Wang et al. 2022), which was pre-trained on massive
text pairs to learn semantic representations. We additionally
fine-tuned four models for comparison: BERT (Devlin et al.
2019), RoBERTa (Liu et al. 2019), DeBERTa-v3 (He, Gao,
and Chen 2023), and SciBERT (Beltagy, Lo, and Cohan
2019). SciBERT was specifically chosen due to its special-
ized pre-training on scientific corpora, potentially improving
the detection of scientific misinformation in our dataset. We
used the human-annotated 100 initial comments described
above as the test set. All models were fine-tuned for 3 epochs
with a learning rate of 2 x 10~°, Adam trainer, and a batch
size of 16 (Devlin et al. 2019). Because FC comments con-
stitute a minority class, the dataset exhibits substantial class
imbalance, with FC comments comprising 16.1% (8,050
samples) of the total. To address this, we used a weighted
cross-entropy loss function that assigns higher weights to the
positive class (FC comments) based on the ratio of negative
to positive samples in the training set. This approach forced
the models to pay more attention to the minority class, pre-
venting the classifiers from being biased towards the major-
ity class. Training and inference were conducted using an
RTX 4090D (24GB GPU), 16 vCPUs, and 80GB of RAM.
We evaluated model performance using accuracy, F1-score,
Macro recall, and Cohen’s kappa.

Results: Model Performance

Table 1 shows the performance of different language mod-
els. E5 demonstrated superior performance, achieving an
accuracy of 0.912 and a Cohen’s x of 0.674. Crucially, it
achieved the highest Macro Avg Recall of 0.860, indicating
a strong capability in recalling potential FC and Non-FC
comments. This recall advantage is particularly important
in our setting, where we prioritized minimizing false neg-
atives (i.e., missing FC comments). Among those 100 ran-
domly selected comments, the model identified 18 FC com-
ments, closely aligning with the 15 instances identified by
human annotators. Taken together, these results suggest that
the fine-tuned language models successfully learned the ro-
bust features of FC comments, and were able to identify FC
comments without being overwhelmed by the major non-FC
class. Consequently, given E5’s superior performance and
smaller model size, we deployed the E5 model to classify
comments.

RQ2: FC Comments Are Faster Than Notes

In this section, we examine whether user comments can
serve as a rapid source of fact-checking evidence, potentially
contributing to the Community Notes program.

Table 1: Comparative model performance on the human-
annotated 100-comment test set. Values represent the mean
=+ standard deviation across five runs with random seeds.

Model Kappa (k) F1-score Accuracy Recallf

E5 0.674+0.031  0.727+£0.025  0.9124+0.011  0.860+£0.015
DeBERTa  0.655+0.044  0.7064+0.038  0.912+0.011  0.828+0.029
RoBERTa  0.645+0.042 0.7014£0.036  0.906£0.011  0.835+0.024
SciBERT ~ 0.581+£0.021  0.6514+0.016  0.882+0.008  0.821+0.005
BERT 0.5744+0.033  0.642+0.027 0.88440.011  0.806+0.017

T Macro Average Recall.

Methodology

To analyze the temporal dynamics of community-led cor-
rective comments, we leveraged the fine-tuned ES model
in RQ1 to identify FC comments across the entire dataset.
This classifier addresses the class imbalance of FC com-
ments against non-FC comments, achieving high alignment
with human judgment (k=0.67, Accuracy=0.91). Applying
this model, we extracted 336,760 FC comments, counting
15.1% of all comments.

To quantify temporal patterns, we define three timestamps
for each post: post publication, note creation (i.e., the times-
tamp when a contributor first submits a note), and note dis-
play (i.e., the timestamp when a note reaches the consensus
threshold for public visibility). We distinguish between cre-
ation and display time to capture different stages of the plat-
form’s response: creation time is used to measure the actual
speed of community note writing. If comments precede this
timestamp, they may serve as early evidence or resources
for note writers. In contrast, display time is when commu-
nity note becomes visible to the public. This difference is
important as it accounts for the delay caused by the sys-
tem’s consensus mechanisms, during which a note has been
written but remains hidden from the general audience. For
Figure 2, we segmented the timeline following post creation
into 15-minute intervals, calculating the mean and median
volume, and cumulative proportion of FC comments. This
allows us to model the emergence and accumulation rate of
FC comments provided by users over time.

Results

Figure 2 shows that a substantial volume of FC comments
appears early in a post’s lifecycle, often long before an offi-
cial community note is created. As illustrated in Figure 2a,
FC activity appears rapidly, with over 99% of misleading
posts receiving their first FC comment before the first com-
munity note is created (99.4%) or displayed (99.5%). 99.3%
of posts receive their FC comment within two hours of pub-
lication. With a median latency of 0.10 hours, the cumula-
tive distribution of FC comments exceeds 50% significantly
ahead of the 9.7-hour median creation time for community
notes.

Corroborating this trend, Figure 2b shows the number of
FC comments that accumulate before a note’s creation. At
the median note creation time, the mean cumulative count of
these comments is approximately 70, with a median of 15.5.
Furthermore, the accumulation of FC comments is front-
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Figure 2: FC comments’ number and their proportion relative to the cumulative total of FC comments observed up to the
collection of the dataset. (a) Cumulative percentage of FC comments. (b) Cumulative count of FC comments over time.

loaded rather than linear. The concave shape of the cumu-
lative count (Figure 2b) shows that the increasing rate of FC
comments is highest immediately following the post’s cre-
ation. These findings suggest that substantial FC comments
emerge early in the misinformation lifecycle, offering poten-
tial for automated synthesis.

Examining comments with fact-check URLs: To pro-
vide additional evidence, we identified FC comments that
embed verification URLs directly within their text. A URL
is classified as a fact-check URL if its domain includes
the string “fact-check” or “factcheck”, or if it appears in
Wikipedia’s representative fact-checking website lists'. Ap-
plying this criteria, we extracted 1,740 valid comment-
URL pairs, yielding 1,734 unique comments across 359 dis-
tinct posts. This preliminary identification relies on explicit
URL patterns, which likely represents a conservative lower
bound, where many FC comments may contain verification
or reference external sources without direct links.

Temporal analysis of these comments reveal patterns
aligning with our findings on fact-checking activity. Com-
pared against the creation time of the first note, 867 com-
ments (49.8%) preceded creation, and 873 (50.2%) were
posted at or after this timestamp. Relative to the display
time of the first community note, 1,384 comments (79.5%)
were posted beforehand and 356 (20.5%) appeared concur-
rently or subsequently. Collectively, these results show the
FC comments’ potentials for augmenting official commu-
nity notes.

Comparison with random comments: To explore the
generalizability of our findings, we conducted a preliminary
analysis using two control groups: (1) non-community-note
posts, which received neither note requests nor community
notes, (2) no-displayed-note posts, which contained posts
that failed to achieve “Helpful” status for public display. To
mitigate temporal confounding, we used X search API to
sample data from Apr 2023 and Apr 2026. For each period,
we sampled five posts per day across ten randomly selected
days. We used the detector developed in RQ1 to identify FC

"https://en.wikipedia.org/wiki/List_of_fact-checking_websites

comments within these datasets. The non-community-note
group yielded 100 posts (95,024 comments, 1,382 FC com-
ments), while the no-displayed-note group yielded 100 posts
(98,675 replies, 19,815 FC comments).

Figure 3 shows that while FC comments rapidly emerge
across all three groups, their magnitudes and accumula-
tion dynamics diverge significantly. Within the first two
hours, 99.3% of posts with community notes received at
least one FC comment, significantly higher than the 88.10%
for the no-displayed-note group and 79.38% for the non-
community-note group (two-proportion z-tests, p < .001,
Holm-corrected). Furthermore, at the first community note’s
median creation time, posts with displayed notes accumu-
lated a mean of 70 FC comments (median=15.5), substan-
tially exceeding both the no-displayed-note (mean=13.35,
median=6) and non-community-note groups (mean=8.60,
median=4). This gap also persists at the first community
note’s mean display time, compared with the no-displayed-
note group (mean=22.24, median=11), and non-community-
note group (mean=12.19, median=5). Mann-Whitney U
tests confirm significant differences across all pairs (p <
.001, Holm-corrected). Collectively, these comparison sug-
gests that FC comments are uniquely tied to community
notes rather than a pervasive phenomenon.

RQ3: FC Comments’ Intensity and Efficiency
Methodology

We analyze two dimensions of comments: intensity, defined
as the total number of comments a post receives, and effi-
ciency, defined as the time lag between the earliest comment
and the creation of the first community note. Our analysis
follows a two-step approach. First, we conduct a descrip-
tive analysis to characterize the FC comments’ intensity and
efficiency across topics and post popularity. Here, we use
Spearman’s rank correlation (p) for popularity-based associ-
ations, Welch'’s t-test for account verification status, and the
Kruskal-Wallis test for multi-topic comparisons. Second,
we use fixed-effects regression to identify post-, community-
note-, and comment-level factors that correlate with com-
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ments’ intensity and efficiency. Community-note-level fac-
tors include attributes such as the community note’s length
and helpfulness ratings. To isolate general engagement ef-
fects, we compare FC comments’ findings against those of
non-FC comments and all comments.

We categorized the features into four levels to capture the
multifaceted nature of comments. For the descriptive anal-
ysis, we operationalized post visibility using a popularity
proxy, log,(¢/h) + 1, where ¢ is the number of comments
and h is the hours since post creation (Wu et al. 2017).

Content and topical context: We measured Word Count,
Media presence, and Topic (Politics, SciTech, Entertain-
ment, and Finance) to account for the complexity and
domain-specific interest of the post (Chuai et al. 2024).

Author authority and experience: We used Follower/-
Following Count, Account Age and Verification Status as
proxies for the source author’s platform influence. For note
writers, we include Author_Prev_Count to reflect their prior
fact-checking experience, similar to Chuai et al. (2024).

Affective dimensions: Using a pre-trained RoBERTa
model (Chuai et al. 2025, 2026), we extracted the intensity
of four discrete emotions (Anger, Joy, Fear, Sadness) from
both source posts and comments to investigate how emo-
tional signaling influences crowd-sourced fact-checking.

Community-note-specific dimensions: We included bi-
nary indicators of the community note’s rationale (e.g., Fac-
tual Error, Missing Context) and quality metrics (Is_Helpful,
Note_Length) to assess how the nature of misinformation
correlates with the comments.

All count-based metrics (e.g., volume, followers) were
log-transformed to handle skewed distributions and ensure
statistical robustness.

Modeling fact-check intensity: To analyze how post-
and community-note-level factors influence the volume of
comments (e.g., FC and non-FC comments) prior to note
creation, we employed a fixed-effects regression model. This
approach allows us to control for unobserved author-specific
traits that might otherwise bias results. The model is speci-
fied as follows:

log(Counti) = OINote_Author
+ B1Followersg,. + (32 Verifiedg,. + 53 Wordsg.. + S4Media

Post Traits

+ BsAnger,,. + Bsloy,,. + BrFeary. + BsSadnessg.

Post Emotions

+ > BTopic;,

t&Topics

Topics

+ 71Note_Length,; + y2Has_TrustWorthy_Sources, ;

Community Note Traits (Attributes)

+ y3Author_Prev_Count;; + ~4Is_Helpful, ;

Community Note Traits (Quality)

+ 5Reason_Factual Error;; + ysReason_Missing_Context, ;

Community Note Traits (Reasons I)

+ y7Reason_Unverified_Claim,; + ygReason_Satire;; +¢;;

Community Note Traits (Reasons II)
)

In Equ 1, the indices ¢ and j denote the i-th post and the
j-th community note, respectively. The dependent variable
log(Count;) is the log-transformed count of comments (e.g.,
FC comments, non-FC comments) received by post ¢ before
the note was created. anote_author Captures the fixed effects
for note authors.

For post-level features, the subscript src denotes at-
tributes of the source post or its author. Specifically,
Followersg. represents the log-transformed number of fol-
lowers of the post author, and Verifiedy,. is a binary indicator
for verification status. Wordsg,. denotes the log-transformed
word count of the original post, while Media indicates the
presence of multimedia. We also include emotional scores
(Angerg,, etc.) and topic indicators (Topic, ,) for the source
post, following Chuai et al. (2024, 2026).
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Figure 4: Cumulative proportion distributions of FC comments, categorized by the post’s (a) author account verification status

and (b) topic.

At community note level, NoteLengthij is
the log-transformed length of community note j.
Has_Trustworthy_Sources,; indicates whether the note
cites credible sources. Author_Prev_Count;; is the log-
transformed number of prior community notes written by
the author, representing writer experience. Is_Helpful,; is a
binary outcome indicating if the note was rated helpful. The
Reason variables (e.g., Reason_Factual Error;;) are binary
variables for the specific reason flagged by the community
note.

Modeling fact-checking delay: To examine the factors
associated with comments’ speed relative to the commu-
nity note, we employed a multiple linear regression model.
The dependent variable, log(Delay,, ), represents the time
between the first comment, and the creation of the earliest
note. Note that for FC comment, non-FC comment or all
comment, we used the same model.

log(Delay,; ) = «
+ B1Followersg,. + (B2 Verifieds,. + B3Wordsg,. + S4Media

Post Traits

+ BsAnger,,. + Beloy,. + [SrFearg. + BsSadnessg.

Post Emotions

+ Z B Topic,

t&Topics

Topics
+ 01 WordScomment + d2Anger. .+ d3J0Y o mment

Reply Traits (Content)
+ 54Fearcomment + 5SSadnesscomment

Reply Traits (Emotions)
+ v1Note_Length, + yoHas_TrustWorthy_Sources,

Community Note Traits (Attributes)

+ v3Reason_Factual_Error; + y4Reason_Missing_Context,

Community Note Traits (Reasons I)

+ ~sReason_Unverified_Claim; + ~gReason_Satire; +€;x

Community Note Traits (Reasons II)
2

In Equ 2, the indices ¢ and k denote the i-th post and
the k-th comment, respectively. The subscript src refers
to attributes of the source post. Followers, represents the
log-transformed follower count of the post author, and
Verified,. indicates their verification status. Wordsg, is the
log-transformed word count of the post, while Media indi-
cates the presence of multimedia. We also include emotional
scores (Anger,,, etc.) and topic indicators (Topic, ,) for the
source post. ’

At the comment level, Wordscomment denotes the log-
transformed word count of the comment k. Anger.,, ene:
JOY comment> F€aTcomments and SadnessScomment represent the
emotions expressed in the comment.

At community note level, Note_Length, represents
the log-transformed length of the fist community
note. Has_Trustworthy _Sources, indicates if the note

src?



cites credibility resources. The Reason variables (e.g.,
Reason_Factual_Error;) act as controls for the type of
misinformation identified, which may affect the complexity
of the verification process.

Results

Distribution of FC comments by topics: For clarity, we de-
fine the metrics used in this analysis as follows: Count refers
to the absolute number of FC comments on a post, measured
at the time of the first community note’s creation. Proportion
refers to the ratio of these FC comments to the total number
of comments on the post at that same time point.

FinanceBusiness{  ~—— e
Politics| —— \ ——
Entertainment{  —f— I
SciTech{  ——F—— T
0 100 2000.0% 10.0%  20.0%
Average Count Proportion
(a) (b)

Figure 5: (a) Mean count and (b) proportion (relative to all
comments) of FC comments by topic at note creation time.
Error bars denote one standard deviation.

We first examined the distribution of posts across four pri-
mary topics. The dataset was primarily composed of Finance
& Business (30.49%), followed by Politics (28.30%), En-
tertainment (23.53%), and Science & Technology (10.53%).
Note that each post could belong to multiple categories. As
shown in Figure 5, although posts related to Politics at-
tracted the highest FC comments’ count, a Kruskal-Wallis
test demonstrated no significant difference for FC com-
ments’ count across topics (H = 4.250, p = .236). Sim-
ilarly, the proportion of FC comments did not vary signifi-
cantly among categories (H = 1.651, p = .648).

Furthermore, the cumulative distribution of comments
(Figure 4) shows a high degree of overlap across all four
topics. This temporal consistency suggests that the speed
at which FC comments accumulate is independent of the
subject topics. Collectively, these findings indicate that FC
comments exist robustly, distributed across diverse domains,
rather than concentrated in specific controversial subjects.

Visibility and engagement effects: Post popularity was
strongly correlated with the absolute number of FC com-
ments received before community note creation (p =
0.8925, p < .001), but showed a weak negative correlation
with their proportion relative to total comments at the time
of note creation (p = —0.1346, p < .001).

Similarly, we examined the effects of author verification
status. A Welch’s t-test confirmed that posts by verified au-
thors received a higher mean number of FC comments be-
fore note creation (M=90.36) than posts by unverified au-
thors (M=65.83), but this difference was not statistically sig-
nificant (f = 1.292, p = .197). In contrast, the proportion
of FC comments was significantly lower for posts with veri-
fied authors (16.28%) than for posts with unverified authors
(19.41%, t = —4.152, p < .001). This suggests that before

note creation, while verified accounts attract more comment
engagement, FC comments make up a smaller share.

Crucially, the temporal analysis in Figure 4 reveals that
the accumulation curve for verified authors rises more
sharply than that of unverified authors. This indicates that
FC comments on those posts with verified profiles have
higher volumes and accumulate more rapidly, reflecting an
immediate community response.

Analysis of FC comments’ intensity: As seen in Fig-
ure 6, FC comment volume exhibits unique correlations with
specific post characteristics, such as content length and mul-
timedia presence. Longer posts (b = 0.255, p < .001) and
those containing media (b = 0.350, p < .001) uniquely
attract more FC comments. Conversely, non-FC comments
show no significant correlation with either post length (b =
0.062, p = .36) or media presence (b = —0.051, p = .55).
These artifacts trigger more corrective responses perhaps as
they provide more material for users to challenge. In terms
of general engagement, an author’s follower count positively
correlates with both FC (b = 0.212, p < .001) and non-
FC comments (b = 0.228, p < .001), while author verifi-
cation status lacks a significant relationship with either FC
(b = —0.199, p = .08) or non-FC comments (b = 0.004,
p = .97). These shared patterns suggest that, high visibil-
ity broadly increases overall comment volume rather than
uniquely influences FC comments.

Regarding topical influence, posts about finance uniquely
suppress FC comments (b = —0.374, p < .001) without
affecting non-FC comments (b = —0.071, p = .45), sug-
gesting that financial misinformation presents a higher bar-
rier for users. Political content stimulates a surge in non-FC
comments (b = 0.370, p < .001) but fails to significantly
elevate FC comments’ volume (b = 0.203, p = .06). Other
topics, such as SciTech (b = —0.198, p = .22) and Enter-
tainment (b = 0.235, p = .06), show no significant correla-
tion with FC comments, nor do they increase total comment
volume. Similarly, the emotional tone of a post fails to in-
fluence FC comments. Anger (b = —0.372, p = .06), joy
(b = —0.166, p = .62), fear (b = —0.200, p = .30) and
sadness (b = —0.341, p = .08) lack significant correlations
with FC volume. This non-significant pattern mirrors non-
FC comments’ patterns across anger (b = —0.425, p = .11),
joy (b = 0.386, p = .26), fear (b = 0.218, p = .27) and sad-
ness (b = 0.210, p = .33).

Community notes’ characteristics are not correlated with
FC comments’ count. Note length (b = —0.010, p = .89)
and the inclusion of trustworthy sources (b = 0.049, p =
.65) show no significant relationship with FC comment vol-
ume. In contrast, longer notes significantly reduce non-FC
comment volume (b = —0.243, p < .01), while source in-
clusion remains non-significant for this group (b = 0.354,
p = .05). These suggest that the perceived complexity to
fact-check a post does not influence organic FC comments.

Specific types of misinformation influences FC com-
ments’ count. Posts flagged for missing context uniquely at-
tract a higher volume of FC comments (b = 0.177, p < .05),
an effect entirely absent in non-FC comments (b = 0.073,
p = .38). This likely occurs because providing context is
more accessible than verifying rigid claims. Conversely, un-
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Figure 6: Regression coefficients for FC, all and non-FC comment count (i.e., intensity) across post-, comment-, and
community-note-level factors. Error bars indicate 95% Confidence Intervals (CIs).
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verified claims (b = —0.188, p < .05) and satire (b =
—0.302, p < .05) uniquely suppress FC comments without
affecting non-FC volume for unverified claims (b = —0.086,
p = .33) or satire (b = —0.020, p = .88). Factual errors
broadly decrease overall engagement by reducing both FC
(b= —0.188, p < .01) and non-FC comments (b = —0.363,
p < .001).

Finally, community note experience-related dimensions
suppress comment volume. Both the note author’s prior ex-
perience (b = —0.190, p < .001) and the ultimate help-
fulness rating of the note (b = —0.157, p < .05) nega-
tively correlate with FC comment counts. This suppressive
effect extends to non-FC comments for both author experi-
ence (b = —0.090, p < .001) and helpfulness (b = —0.562,
p < .001). Experienced authors may produce higher-quality
notes that achieve helpful status and public visibility more
quickly, thereby resulting in less FC comments.

Analysis of FC comments’ efficiency As shown in Fig-
ure 7, the time delay between the first FC comment and
the community note is distinctly robust across multiple post
characteristics that otherwise influence general engagement.
Whether a post author is verified (b = —0.126, p = .46), the
post length (b = 0.067, p = .56), and the presence of rich
media (b = 0.096, p = .52) show no significant correlation
with FC comments’ delay. In contrast, these factors signif-
icantly alter the speed of non-FC comments, where verifi-
cation accelerates responses (b = —0.193, p = .03), while
greater post length (b = 0.161, p < .01) and media pres-
ence (b = 0.174, p < .05) slow them down. This indicates
that the efficiency of FC comments is uniquely robust to post
traits. Conversely an author’s follower count corresponds to
shorter delays for both FC (b = —0.087, p < .05) and non-
FC comments (b = —0.111, p < .001), suggesting that high
visibility accelerates all comments’ feedback.

FC comments’ speed is also uniquely stable across top-
ical domains. As seen in Figure 7, Political content signifi-
cantly accelerates non-FC comments (b = —0.192, p < .05)
but has no significant effect on the timing of FC comments
(b = —0.133, p = .44). Other topics broadly lack significant
effects on either FC or general comments’ latency, includ-
ing SciTech (FC b = —0.397, p = .10; non-FC b = 0.119,
p = .30), Entertainment (FC b = —0.281, p = .09; non-FC
b= —0.121, p = .20), and Finance (FC b = 0.210, p = .17;
non-FC b = —0.055, p = .55). Similarly the emotional tone
of the source post fails to correlate with the response speed.
Anger (FC b = —0.387, p = .12; non-FC b = —0.188,
p = .41), joy (FC b = —0.702, p = .17; non-FC b = 0.441,
p = .12), fear (FC b = 0.210, p = .63; non-FC b = —0.301,
p = .10) and sadness (FC b = —0.413, p = .21; non-FC
b =0.217, p = .31) show no influence for both groups.

The attributes of comments also have no correlations with
response latency. The word count of a comment does not
affect FC comments’ (b = 0.043, p = .11) or non-FC
comments’ latency (b = 0.088, p = .12). The emotional
intensity within the comments also shows stability across
both categories. Anger (FC b = —0.092, p = .11; non-FC
b = —0.047, p = .86), joy (FC b = 0.077, p = .28; non-FC
b= 0.074, p = .72), fear (FC b = 0.100, p = .44; non-FC
b = 0.061, p = .78), and sadness (FC b = 0.016, p = .84;

non-FC b = —0.225, p = .26) do not alter comments’ speed,
either.

Finally, FC comments’ speed is robust across community-
note level factors. Posts flagged for missing context by com-
munity notes significantly accelerates non-FC engagement
(b = —0.178, p < .05) but have no such impact on FC la-
tency (b = —0.246, p = .16). Other note-related factors re-
main consistently non-significant for both groups, including
factual errors (FC b = 0.002, p = .99; non-FC b = —0.078,
p = .31), unverified claims (FC b = —0.247, p = .11;
non-FC b = 0.024, p = .75), and satire (FC b = 0.077,
p = .79; non-FC b = —0.239, p = .06). Basic note at-
tributes similarly do not correlate with response speed, in-
cluding note length (FC: b = 0.043, p = .11; non-FC
b = 0.082, p = .30) and the inclusion of trustworthy sources
(FC b = 0.025, p = .09; non-FC b = 0.024, p = .89).

In summary, we find that: (i) Content richness and emo-
tional tone are associated with FC comments’ intensity, and
users provide more FC comments in posts “missing con-
text”. (ii) The speed advantage of organic FC comments is a
robust pattern, as opposed to non-FC comments.

Discussions

Faced with the latency of community notes, our work vali-
dates organic comments as rapid corrective signals against
misinformation, yielding three main findings: (i) With fine-
tuned language models, FC comments can be identified with
91% accuracy. (ii) FC comments exhibit substantial tempo-
ral advantage over community notes. Specifically, 99.4% of
misleading posts receive their first FC comment prior to the
creation of a Community Notes, with a median latency of
merely 0.1 hours compared to the 9.7-hour delay of com-
munity notes. (iii) FC comment intensity uniquely increases
with multimedia presence and increasing post length, or
when posts are flagged for missing context, while remaining
robust across topical and emotional factors. Collectively, our
work highlights that proactive user comments can serve as a
potential resource for augmenting fact-checking systems.

Temporal superiority. Our findings demonstrate that
users’ comments provide rapid FC signals that precede the
creation of community notes. To ensure fair temporal com-
parison, we isolate the consensus-building process — the in-
terval between note writing and display — and focus on the
note creation time (Chuai et al. 2024). While community
notes effectively reduce misinformation spread once dis-
played, it suffers from delays caused by both note writing
and rating (Chuai et al. 2026, 2024). Prior research indi-
cates that notes typically appear between 15 to 75 hours after
a post is created, a critical window during which the ma-
jority of viral engagement occurs (Chuai et al. 2026). Our
data reveals the bottleneck even at creation stage, showing a
median delay of 9.7 hours for community notes’ creation.
In contrast, 99.3% of misleading posts receive their first
FC comment within just two hours. This suggests that such
“wisdom of the crowd” is present during the early stages of
a post.

Potential of FC comments. We contribute to the misin-
formation landscape by establishing the temporal priority
of FC comments, providing comparisons between general



engagement and FC, and highlighting the proactive nature
of FC comments. First, while existing literature on crowd-
sourced FC emphasizes classification accuracy (Sundriyal
et al. 2024; Shang et al. 2020) or alignment with professional
standards (Allen et al. 2021), we prioritize FC comments’
temporal availability. By quantifying the robustness of FC
comments across topical and emotional factors, those com-
ments provide potential to address the latency gap in the of-
ficial Community Note program (Chuai et al. 2026). Second,
we highlight the unique FC patterns in comments, expanding
beyond general engagement patterns (Solovev and Prollochs
2022), or domain-specific findings that fact-checking is slow
or absent in COVID-19 misinformation responses (Miyazaki
et al. 2023). Compared with random posts, we observed sig-
nificantly more FC comments from misleading posts. Third,
our paper could also been seen as a filtering approach to har-
ness the vast volume of law, organic social media comments,
potentially complementing those methods that synthesize
structured notes (De et al. 2025), or identify check-worthy
posts through algorithms (Frick and Kwon 2025). Finally,
we shift the focus from characterizing behaviors towards us-
ing these proactive FC signals. While prior work examined
linguistic patterns (Jiang and Wilson 2018), debunking be-
haviors (Miyazaki et al. 2023), or backfire effects (He et al.
2024), we position those proactive comments as prioritiza-
tion proxies that enable platforms to identify and escalate
checkworthy content for review.

Vulnerability of FC comments. However, as our frame-
work primarily detects fact-checking intent, those comments
can be vulnerable to false debunking claims or manipula-
tions. For instance, a post describing a violent event might
be flooded with fact-like comments claiming that the event
is “fake”. Therefore, we emphasize that organic comments
should not be viewed as absolute verification. Instead, they
could serve as proactive proxies for prioritization, allowing
platforms to identify checkworthy posts for human or algo-
rithmic review. To mitigate the risk of manipulation, these
signals could further be integrated with claim normaliza-
tion (Sundriyal, Chakraborty, and Nakov 2023), or consen-
sus mechanisms (Chuai et al. 2024), before being used in
automatic detection models (Nan et al. 2024, 2025).

Implications. Our analysis of FC comments offer three
implications. (i) The emergence of comments within hours
provides immediate debunking signals, offering a supple-
mentary mechanism for early social correction. Distinct vol-
ume and distribution of FC comments also act as proactive,
early-warning proxies. Platforms can leverage these engage-
ment patterns to prioritize potentially misleading posts for
review, similar to Community Note program’s Request note
function. Furthermore, platforms can incentivize FC com-
ments by highlighting them in reply threads, provided that
such visibility does not inadvertently trigger backfire ef-
fects (Pilarski, Solovev, and Prollochs 2024; Chuai et al.
2024). (ii) FC comments may augment the Community Note
program’s recent initiative, such as Collaborative Notes or
Al Note Writer. With a mean of 70 FC comments pre-
ceding a visible note, these signals offer a potential re-
source for automated community note synthesis. Specifi-
cally, NLP pipelines can be applied to FC comments to ex-

tract recurring counter-claims and specific external URLs.
By using a method similar to those synthesizing commu-
nity notes (De et al. 2025), and treating comments as real-
time retrieval database, automated models can synthesize
note drafts grounded in the crowd response. (iii) FC com-
ments provide preliminary evidence to assist human contrib-
utors during their note-drafting process. Looking forward,
future frameworks need to enhance reliability by prioritiz-
ing comments that explicitly embed external verifiable evi-
dence (e.g., fact-check URLSs), using information extraction
models to isolate assertions from the FC comments, cross-
checking comments using methods similar to the Commu-
nity Note program’s bridging algorithm, or weighing com-
ments based on historical user credibility, analogous to the
helpfulness scores of note requestors on X.

Limitations. We acknowledge several limitations of this
study. First, regarding selection bias and scope, our analy-
ses focus exclusively on X, and primarily posts receiving
community notes up to 2023. This may influence broad gen-
eralizability to other social media platforms. Besides, we
prioritize direct comments, which capture immediate, or-
ganic crowd reactions. This methodology is also consis-
tent with prior research (Chuai et al. 2025). We recognize
that future work should extend this by incorporating nested
replies to capture deeper discussions. Finally, our framework
targets fact-checking intent rather than veracity. The crite-
ria for classifying FC comments are not precisely aligned
with community notes’ reasons. The FC comment classi-
fication models are also subject to potential bias. To mit-
igate this, we included checks on the fact-check URLs in
comments, which provided additional evidence of the fact-
check signals in comments. Future work could integrate
automated source-checking (e.g., by Retrieval-Augmented
Generation) to verify cited evidence, implement dynamic
reputation scores to prioritize comments from accounts with
a high history of accuracy, and leverage temporal network
analysis to flag coordinated inauthentic behavior.

Conclusion

While community notes provide robust fact-checking, they
are slow to prevent the spreading of misleading content. An-
alyzing over 2.2 million comments, we provide evidence
that users’ comments contain fact-check intents and appear
early. We first constructed an automated framework (93%
accuracy) through fine-tuning language models. We then
found that 99.4% of misleading posts received their first
FC comment before the official community note was cre-
ated. We further found multimedia content triggers a higher
volume of FC comments, and this behavior is robust across
topical and emotional contexts. These findings suggest that
comments serve as a proactive, fast source for augmenting
fact-checking on social media.

References

Albahar, M. 2021. A hybrid model for fake news detection:
Leveraging news content and user comments in fake news.
IET Information Security, 15(2): 169-177.

Allen, J.; Arechar, A. A.; Pennycook, G.; and Rand, D. G.



2021. Scaling up fact-checking using the wisdom of crowds.
Science Advances, 7(36): eabf4393.

Beltagy, I.; Lo, K.; and Cohan, A. 2019. SciBERT: A
pretrained language model for scientific text. In EMNLP-
IJCNLP.

Burton, J. W.; Lopez-Lopez, E.; Hechtlinger, S.; Rah-
wan, Z.; Aeschbach, S.; Bakker, M. A.; Becker, J. A.;
Berditchevskaia, A.; Berger, J.; Brinkmann, L.; et al. 2024.
How large language models can reshape collective intelli-
gence. Nature Human Behaviour, 8(9): 1643-1655.

Chuai, Y.; Pilarski, M.; Renault, T.; Restrepo-Amariles, D.;
Troussel-Clément, A.; Lenzini, G.; and Prollochs, N. 2026.
Community-based fact-checking reduces the spread of mis-
leading posts on X (formerly Twitter). Nature Communica-
tions, 17(1): 4070.

Chuai, Y.; Sergeeva, A.; Lenzini, G.; and Prollochs, N. 2025.
Community fact-checks trigger moral outrage in replies to
misleading posts on social media. In CHI.

Chuai, Y.; Tian, H.; Prollochs, N.; and Lenzini, G. 2024. Did
the roll-out of Community Notes reduce engagement with
misinformation on X/Twitter? In CSCW.

Conforti, C.; Berndt, J.; Pilehvar, M. T.; Giannitsarou, C.;
Toxvaerd, F.; and Collier, N. 2020. Will-they-won’t-they: A
very large dataset for stance detection on twitter. In ACL.

De, S.; Bakker, M. A.; Baxter, J.; and Saveski, M.
2025. Supernotes: Driving consensus in crowd-sourced fact-
checking. In WWW, 3751-3761.

Devlin, J.; Chang, M.-W.; Lee, K.; and Toutanova, K. 2019.
Bert: Pre-training of deep bidirectional transformers for lan-
guage understanding. In NAACL-HLT.

Drolsbach, C. P.; Solovev, K.; and Prollochs, N. 2024. Com-
munity notes increase trust in fact-checking on social media.
PNAS Nexus, 3(7): pgae217.

Epstein, Z.; Pennycook, G.; and Rand, D. 2020. Will the
crowd game the algorithm? Using layperson judgments to
combat misinformation on social media by downranking
distrusted sources. In CHI, 1-11.

Fish, S.; Golz, P.; Parkes, D. C.; Procaccia, A. D.; Rusak,
G.; Shapira, I.; and Wiithrich, M. 2024. Generative social
choice. In EC, 985-985.

Frick, R. A.; and Kwon, T. 2025. Improved estimation
of check-worthy social media content using the analysis of
commentaries. In 3D-Sec, 16-21.

Guo, Z.; Schlichtkrull, M.; and Vlachos, A. 2022. A survey
on automated fact-checking. TACL, 10: 178-206.

Hamed, S. K.; Ab Aziz, M. J.; and Yaakub, M. R. 2023.
Fake news detection model on social media by leveraging
sentiment analysis of news content and emotion analysis of
users’ comments. Sensors, 23(4): 1748.

He, B.; Ahamad, M.; and Kumar, S. 2023. Reinforcement
learning-based counter-misinformation response generation:
a case study of COVID-19 vaccine misinformation. In
WWW, 2698-2709.

He, B.; Ma, Y.; Ahamad, M.; and Kumar, S. 2024. Correc-
tive or backfire: Characterizing and predicting user response
to social correction. In WebSci, 149-158.

He, P.; Gao, J.; and Chen, W. 2023. DeBERTaV3: Improv-
ing DeBERTa using electra-style pre-training with gradient-
disentangled embedding sharing. In /CLR.

Jiang, S.; and Wilson, C. 2018. Linguistic signals under
misinformation and fact-checking: Evidence from user com-
ments on social media. In CSCW.

Kim, H.; and Walker, D. 2020. Leveraging volunteer fact
checking to identify misinformation about COVID-19 in so-
cial media. Harvard Kennedy School Misinformation Re-
view, 1(3).

Li, Y;; Sosea, T.; Sawant, A.; Nair, A. J.; Inkpen, D.; and
Caragea, C. 2021. P-Stance: A large dataset for stance de-
tection in political domain. In ACL-IJCNLP.

Liu, Y.,; Ott, M.; Goyal, N.; Du, J.; Joshi, M.; Chen, D.;
Levy, O.; Lewis, M.; Zettlemoyer, L.; and Stoyanov, V.
2019. Roberta: A robustly optimized bert pretraining ap-
proach. Arxiv.

Micallef, N.; He, B.; Kumar, S.; Ahamad, M.; and Memon,
N. 2020. The role of the crowd in countering misinforma-
tion: A case study of the COVID-19 infodemic. In IEEE
BigData, 748-757.

Miyazaki, K.; Uchiba, T.; Tanaka, K.; An, J.; Kwak, H.; and
Sasahara, K. 2023. “This is fake news”: Characterizing the
spontaneous debunking from twitter users to covid-19 false
information. In ICWSM.

Nan, Q.; Sheng, Q.; Cao, J.; Hu, B.; Wang, D.; and Li, J.
2024. Let silence speak: Enhancing fake news detection with
generated comments from large language models. In CIKM.

Nan, Q.; Sheng, Q.; Cao, J.; Zhu, Y.; Wang, D.; Yang, G.;
and Li, J. 2025. Exploiting user comments for early detec-
tion of fake news prior to users’ commenting. Frontiers of
Computer Science, 19(10): 1910354.

Pennycook, G.; and Rand, D. G. 2019. Fighting misinforma-
tion on social media using crowdsourced judgments of news
source quality. PNAS.

Pilarski, M.; Solovev, K. O.; and Prollochs, N. 2024. Com-
munity notes vs. snoping: How the crowd selects fact-
checking targets on social media. In ICWSM.

Prollochs, N. 2022. Community-based fact-checking on
twitter’s birdwatch platform. In ICWSM.

Qi, P.; Yan, Z.; Hsu, W.; and Lee, M. L. 2024. Sniffer: Mul-
timodal large language model for explainable out-of-context
misinformation detection. In CVPR.

Quelle, D.; and Bovet, A. 2024. The perils and promises
of fact-checking with large language models. Frontiers in
Artificial Intelligence, 7: 1341697.

Shang, L.; Zhang, Y.; Zhang, D.; and Wang, D. 2020.
Fauxward: a graph neural network approach to fauxtogra-
phy detection using social media comments. Social Network
Analysis and Mining, 10(1): 76.

Slaughter, I.; Peytavin, A.; Ugander, J.; and Saveski, M.
2025. Community notes reduce engagement with and diffu-
sion of false information online. Proceedings of the National
Academy of Sciences, 122(38): €2503413122.



Solovev, K.; and Prollochs, N. 2022. Moral emotions shape
the virality of COVID-19 misinformation on social media.
In Proceedings of the ACM web conference 2022, 3706—
3717.

Straub, J.; and Spradling, M. 2022. Americans’ perspectives
on online media warning labels. Behavioral Sciences, 12(3):
59.

Sundriyal, M.; Chakraborty, T.; and Nakov, P. 2023. From
Chaos to Clarity: Claim Normalization to Empower Fact-
Checking. In EMNLP Findings.

Sundriyal, M.; Choudhary, H.; Chakraborty, T.; and Akhtar,
M. S. 2024. Crowd Intelligence for Early Misinformation
Prediction on Social Media. ArXiv.

Wang, H.; and Shu, K. 2023. Explainable claim verifica-
tion via knowledge-grounded reasoning with large language
models. In EMNLP Findings.

Wang, L.; Yang, N.; Huang, X.; Jiao, B.; Yang, L.; Jiang,
D.; Majumder, R.; and Wei, F. 2022. Text embeddings by
weakly-supervised contrastive pre-training. ArXiv.

Wu, B.; Cheng, W.-H.; Zhang, Y.; Huang, Q.; Li, J.; and Mei,
T. 2017. Sequential prediction of social media popularity
with deep temporal context networks. In IJCAL

Xu, D.; Fan, S.; and Kankanhalli, M. 2023. Combating mis-
information in the era of generative AI models. In MM.
Yanagi, Y.; Orihara, R.; Sei, Y.; Tahara, Y.; and Ohsuga, A.
2020. Fake news detection with generated comments for
news articles. In INES.

Yang, J. C.; Dalisan, D.; Korecki, M.; Hausladen, C. I.; and
Helbing, D. 2024. Llm voting: Human choices and ai col-
lective decision-making. In AIES.

Yiliang, Z.; Newbury, A. M.; Zhang, G.; Idnay, B. R.; Hao,
L.; Chunhua, W.; and Yifan, P. 2025. EvidenceOutcomes: A
Dataset of Clinical Trial Publications with Clinically Mean-
ingful Outcomes. Studies in health technology and infor-
matics, 329: 723.

Yu, X.; Wang, Y.; Chen, Y.; Tao, Z.; Xi, D.; Song, S.; Niu,
S.; and Li, Z. 2024. Fake artificial intelligence generated
contents (faigc): A survey of theories, detection methods,
and opportunities. ArXiv.

Yue, Z.; Zeng, H.; Lu, Y.; Shang, L.; Zhang, Y.; and Wang,
D. 2024. Evidence-driven retrieval augmented response gen-
eration for online misinformation. In NAACL-HLT.

Zeng, F.; and Gao, W. 2024. Justilm: Few-shot justifica-
tion generation for explainable fact-checking of real-world
claims. TACL.

Zhang, D. Y.; Shang, L.; Geng, B.; Lai, S.; Li, K.; Zhu, H.;
Amin, M. T.; and Wang, D. 2018. Fauxbuster: A content-
free fauxtography detector using social media comments. In
IEEE BigData, 891-900.

Zhou, X.; Zhang, X.; Larson, H. J.; de Figueiredo, A.; Jit,
M.; Fodeh, S.; Vermund, S. H.; Zang, S.; Lin, L.; and Hou,
Z. 2023. Spatiotemporal trends in COVID-19 vaccine sen-
timents on a social media platform and correlations with re-
ported vaccine coverage. Bulletin of the World Health Or-
ganization, 102(1): 32.



Ethics Statement

This study was approved by the Institutional Review Board
of [Anonymized]. All analyses used publicly available data
and adhered to the respective terms of use. The authors de-
clare no competing interests. We discussed potential ethical
and societal concerns below.

Human Subjects Protection For the manual annotation
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were guaranteed the right to withdraw from the study at any
time without penalty or the need to provide a justification.
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before the annotation, we clearly informed participants that
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Significance Table of Fact-Checking and
Non-Fact-Checking Comments

Table 2 and 3 showed the findings across the count model
and the latency model.
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Table 2: The coefficients of the count regression model.

Variable Significance FCb[95% CI] FC p-value Non-FCb[95% CI] Non-FC p-value
Post Traits

Post Author Followers (Log) Both 0.212 [0.163, 0.261] <0.001 0.228 [0.188, 0.268] <0.001
Post Author Verified Neither -0.199 [-0.424, 0.025] 0.082 0.004 [-0.191, 0.199] 0.969
Post Length (Log) FC Only 0.255[0.111, 0.398] <0.001 0.062 [-0.070, 0.194] 0.358
Post Has Media FC Only 0.350 [0.146, 0.554] <0.001 -0.051 [-0.218, 0.116] 0.550
Post Emotions

Post Anger Neither -0.372 [-0.766, 0.022] 0.064 -0.425 [-0.938, 0.088] 0.105
Post Joy Neither -0.166 [-0.828, 0.496] 0.623 0.386 [-0.279, 1.051] 0.256
Post Fear Neither -0.200 [-0.575, 0.175] 0.296 0.218 [-0.173, 0.608] 0.274
Post Sadness Neither -0.341 [-0.727, 0.044] 0.083 0.210 [-0.212, 0.632] 0.329
Topics

Topic: Politics 0.203 [-0.011, 0.417] 0.063 0.370 [0.192, 0.548] <0.001
Topic: SciTech Neither -0.198 [-0.515, 0.118] 0.220 0.010 [-0.273, 0.292] 0.947
Topic: Entertainment Neither 0.235[-0.012, 0.482] 0.062 0.097 [-0.109, 0.302] 0.357
Topic: Finance FC Only -0.374 [-0.605, -0.143] <0.001 -0.071 [-0.256, 0.115] 0.454
Note Traits

Note Length (Log) -0.010 [-0.144, 0.125] 0.885 -0.243 [-0.413, -0.072] 0.005
Note Has Sources Neither 0.049 [-0.162, 0.260] 0.649 0.354 [-0.001, 0.709] 0.051
Reason: Factual Error Both -0.188 [-0.324, -0.053] 0.006 -0.363 [-0.534, -0.192] <0.001
Reason: Missing Context FC Only 0.177 [0.041, 0.313] 0.011 0.073 [-0.088, 0.233] 0.377
Reason: Unverified Claim FC Only -0.188 [-0.340, -0.035] 0.016 -0.086 [-0.259, 0.087] 0.329
Reason: Satire FC Only -0.302 [-0.537, -0.066] 0.012 -0.020 [-0.282, 0.243] 0.884
Author Exp (Log) Both -0.190 [-0.252, -0.128] <0.001 -0.090 [-0.129, -0.051] <0.001
Note Is Helpful Both -0.157 [-0.284, -0.030] 0.015 -0.562 [-0.757, -0.367] <0.001




Table 3: The coefficients of the latency regression model.

Variable Significance FCb[95% CI] FC p-value Non-FCb[95% CI] Non-FC p-value
Post Traits

Post Author Followers (Log) Both -0.087 [-0.161, -0.013] 0.021 -0.111 [-0.151, -0.071] <0.001
Post Author Verified -0.126 [-0.462, 0.210] 0.462 -0.193 [-0.368, -0.019] 0.030
Post Length (Log) 0.067 [-0.155, 0.289] 0.555 0.161 [0.049, 0.272] 0.005
Post Has Media 0.096 [-0.197, 0.388] 0.520 0.174 [0.024, 0.325] 0.023
Post Emotions

Post Anger Neither -0.387 [-0.870, 0.095] 0.116 -0.188 [-0.633, 0.256] 0.406
Post Joy Neither -0.702 [-1.695, 0.291] 0.166 0.441 [-0.107, 0.988] 0.115
Post Fear Neither 0.210 [-0.640, 1.060] 0.628 -0.301 [-0.657, 0.054] 0.097
Post Sadness Neither -0.413 [-1.050, 0.225] 0.205 0.217 [-0.202, 0.636] 0.310
Topics

Topic: Politics -0.133 [-0.466, 0.201] 0.435 -0.192 [-0.356, -0.029] 0.021
Topic: SciTech Neither -0.397 [-0.864, 0.070] 0.096 0.119 [-0.106, 0.343] 0.301
Topic: Entertainment Neither -0.281 [-0.608, 0.046] 0.092 -0.121 [-0.309, 0.066] 0.204
Topic: Finance Neither 0.210 [-0.087, 0.506] 0.165 -0.055 [-0.235, 0.125] 0.548
Reply Traits

Reply Word Count (Log) FC Only 0.043 [-0.010, 0.095] 0.108 0.088 [-0.023, 0.200] 0.121
Reply Anger Neither -0.092 [-0.205, 0.020] 0.109 -0.047 [-0.569, 0.475] 0.860
Reply Joy Neither 0.077 [-0.062, 0.217] 0.279 0.074 [-0.328, 0.477] 0.718
Reply Fear Neither 0.100 [-0.152, 0.352] 0.437 0.061 [-0.373, 0.496] 0.783
Reply Sadness Neither 0.016 [-0.139, 0.170] 0.839 -0.225[-0.617, 0.168] 0.262
Note Traits

Note Length (Log) Neither 0.043 [-0.010, 0.095] 0.108 0.082 [-0.074, 0.238] 0.304
Note Has Sources Neither 0.025 [-0.004, 0.053] 0.086 0.024 [-0.319, 0.367] 0.890
Reason: Factual Error Neither 0.002 [-0.307, 0.310] 0.990 -0.078 [-0.229, 0.072] 0.305
Reason: Missing Context -0.246 [-0.589, 0.096] 0.159 -0.178 [-0.334, -0.023] 0.025
Reason: Unverified Claim Neither -0.247 [-0.546, 0.052] 0.105 0.024 [-0.125, 0.174] 0.750
Reason: Satire Neither 0.077 [-0.489, 0.643] 0.790 -0.239 [-0.486, 0.008] 0.057




