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Abstract

This research project examines the effectiveness of differ-
ent fact-checking formats on social media through a data
analysis on X’s Community Notes. While Community
Notes, a crowd-sourced fact-checking system, has shown
promise in reducing engagement with misleading posts,
the inconsistent quality of these Notes necessitates inves-
tigation into the format of successful fact-checks. Build-
ing on existing research suggesting that effective fact-
checks are positively phrased, concise, and created soon
after the misleading post, this study analyzes these at-
tributes in crowd-sourced fact-checking Notes on X (n =
[Number of Notes]). These characteristics were then
correlated with community-provided ratings of the Notes
to assess which features most strongly predict perceived
effectiveness. The analysis is broken down by the theme
of the misinformation (e.g. political, entertainment, etc.)
to examine the effectiveness of fact checks in different
contexts.
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Figure 1: Graphical Abstract v.1 (still under revision)

1 Introduction

When the Community Notes program was launched on
Twitter (now X) under the name of Birdwatch, its goal
was to provide a transparent platform for misinforma-
tion detection and correction. If X users encountered
a post that they thought contained misleading informa-
tion, they could now add credibility indicators and a con-
text providing Note to attempt to fact check the post.

These Notes would then be rated by other users to de-
termine how beneficial they were as fact checks, with the
algorithm behind which Notes would be displayed along-
side a misleading post being open source. Further in line
with their goal of transparency, all the data collected by
X regarding Community Notes are available for down-
load on their website.

Since these Notes are provided by users, they may
not be as effective at correcting misinformation as fact
checks provided by professionals, but this system allows
for greatly enhanced scalability and relies on “the wis-
dom of the crowds” - the notion that collective knowl-
edge from a diverse group can exceed the knowledge of
any individual [1]. On a platform like X with millions of
daily posts, it would be impossible for professional fact
checkers to review every one. The idea behind Commu-
nity Notes is that a large group of individuals can review
a much wider range of posts, while relying on their col-
lective knowledge to create efficient fact checks.

Prior research in this problem space has found evi-
dence that Community Notes are effective at detecting
misinformation, but these Notes are not all equally ef-
fective at actually correcting the misinformation. Al-
though Community Notes may provide the solution to
fact checking at scale on social media, it remains unclear
which types of Notes are the most effective at convinc-
ing misinformed users of the truth. Professional fact-
checkers have years of experience to inform how they
phrase a response to misinformation, but Community
Note contributors have no such expertise. X provides
their Notes contributors with some limited advice for the
format of their fact checks, and I believe that a compre-
hensive study on the relationship between a Note’s for-
mat and its effectiveness could provide much more useful,
data driven insights for crowd-sourced fact checkers.

I hypothesized that the format, phrasing, and timing
of a Note has a direct relationship with that Note’s ef-
fectiveness at correcting misinformation, as reflected in
the crowd-sourced helpfulness rating of that Note. To
test this hypothesis, I analyzed the Community Notes
data set, performed sentiment analysis on each Note to
calculate a positivity score, and ran statistical tests to
determine the influence of these factors on the success of
a Note. To examine how the influence of these factors
changes in different contexts, I categorized each Note by
the theme of the post it was responding and tested each


http://x.com/i/communitynotes/download-data
https://communitynotes.x.com/guide/en/contributing/examples

category separately.

2 Related Works

2.1 Prior Research on Community Notes

The natural first step in evaluating the effectiveness of
Community Notes is determining if they are able to re-
duce the spread of misinformation. A study by Slaughter
et al. on the diffusion of misinformation on X deter-
mined that posts that received context-providing Notes
had a significantly lower rate of engagement [2]. The
researchers found that posts receiving a Note had an av-
erage of a 40% reduction in the number of comments
and reposts. However, this reduction lessened signifi-
cantly the longer between the creation of the post and
the addition of the Note, suggesting that the sooner a
fact check is created the more effective it will be.

This study also determined that there was a signifi-
cant gap in the effectiveness of context-providing Notes
on political versus non-political posts, with Notes on po-
litical posts being seen as more biased and less trustwor-
thy. In this same vein, a paper by Drolsbach et al. found
that professional fact checkers were viewed as more bi-
ased and less trustworthy than crowd-sourced fact checks
[3]. Further, they determined that context-providing
Notes enabled a human to better identify misinforma-
tion than simple credibility-indicators that didn’t ex-
plain why the post was misleading.

The research thus far is extremely favorable towards
the effectiveness of Community Notes at countering mis-
information. However, it still remains to be seen if this
style of countering misinformation can entirely replaced
professional fact-checkers, which is precisely what Boren-
stein et al. attempted to determine [4]. By using an
LLM to annotate the hundreds of thousands of Notes
and the posts they were attached to in the Community
Notes data set, they found that the highest-rated Notes
and Notes responding to the most complex misinforma-
tion overwhelmingly included references to professional
fact checking sources. This suggests that whether or not
a professional is involved in fact checking a potentially
misleading post, the research provided by these profes-
sionals is still crucial to successfully correcting misinfor-
mation. One limitation of this study is that the LLM
used to annotate the dataset was unable to process X
posts that contained non-text media, such as images or
videos. This is a major problem for anyone working with
the Community Notes data, since the scale of the dataset
necessitates automating parts of the analysis.

Another flaw with Community Notes is its suscepti-
bility to organized efforts to influence its content. This is,
in part, because the algorithm behind determining which
Notes would be displayed alongside a misleading post is
open source, allowing groups of users to ”"game” the sys-
tem. Omne possible solution to this is a new and more

opaque algorithm, as posited by De et al. [5]. These
researchers created a framework for Al-generated “Su-
pernotes” that synthesize the content of existing Notes
on a given post to provide a concise, accurate fact check.
This system could still be gamed, but the algorithm be-
hind Supernotes includes a simulated jury trained on
the data of which Community Notes have been rated
the most helpful over time to rate several different Su-
pernote candidates and promote the one that is most
likely to be rated the most helpful. De et al.’s analy-
sis of the effectiveness of these Supernotes found that
users rated them as more helpful than traditional Notes.
Additionally, they determined that the most important
aspect of the prompt used to generate the Supernotes
was a precise description of the format it should fol-
low. Since these Supernotes were consistently rated the
most effective, this suggests that there exists a relation-
ship between the format of a Note and its effectiveness.
The primary drawback of this framework for improving
Community Notes is that a Supernote cannot be gen-
erated until several notes have already been written by
human users. Furthermore, another deficiency of the en-
tire Community Notes platform is that even though it is
more scalable than professional fact checking, there are
simply not enough active contributors to review every
single post on X.

2.2 The Format of Fact Checks

Having established that Community Notes are generally
effective despite some limitations, we now explore po-
tential improvements. Notes include quick-to-provide
credibility indicators and a more time-consuming con-
text statement. If credibility indicators alone proved ef-
fective in countering the spread of misinformation, the
platform’s scalability could improve. The previously dis-
cussed research from Drolsbach et al. suggested that
credibility indicators on their own were not as effective
as a context-providing statement, which was further con-
firmed in a study by Lu et al. [6]. For this project, the
researchers used Al to attach credibility indicators to
misleading social media posts to study how they would
affect the diffusion of the post. They found that although
these indicators helped some users to identify misinfor-
mation, they did little to lower the rate of engagement
with or the spread of misleading information. There was
also some evidence that credibility indicators are more
effective at changing viewers’ beliefs when there is also
social influence (i.e., comments from other users stat-
ing the post is misleading) present, which further sup-
ports the notion that a combination of credibility indica-
tors and context-providing responses is the most efficient
way of countering misinformation. This conclusion was
also supported by Ecker et al., who investigated whether
credibility indicators on their own could backfire and
cause misinformation to spread faster, which they found



no evidence for [7]. Their research also suggested that
short fact checks that succinctly explained why the in-
formation is incorrect were more effective at countering
misinformation than longer, more in-depth explanations.

Further regarding the format of these context state-
ments is a paper by Burel et al. in which, rather than
attaching a Note to misleading posts on X, the authors
designed a bot to message the post’s creator to research
how different types of responses would be received by
the people spreading misinformation [8]. They found
that spreaders of misinformation were most likely to re-
spond positively to being fact checked if the statement
was phrased politely.

One format of responding to misinformation used by
previously cited papers, including Burel et al. and Ecker
et al., is a narrative fact check, in which a story is told
to explain why the information is misleading. There was
some belief that these may be more effective than non-
narrative fact checks, due to the way a narrative format
can enhance comprehension and retention. However, a
different study by Ecker et al. determined that when the
information provided in a narrative and non-narrative
refutation has minimal differences, there is no significant
difference in the refutation’s effectiveness at countering
misinformation [9].

Thus, the research suggests that the most effective
format for a fact check is a combination of credibility
indicators and a refutation of the misinformation that
is provided in a timely manner, concise, and positively
phrased.

3 Methods

3.1 Data Extraction

The open-source data from Community Notes is stored
in Tab-Separated Value (TSV) files, each of which con-
tains information about approximately 100,000 Notes.
As of September 2025, there are twenty files of data,
though more are added with the creation of new Notes.
Each row in each file contains information about a spe-
cific Note, including the ID of the Note, when it was
created, how helpful it was rated by other Community
Notes users, and the ID of the original X post that the
Note was attached to, each of which I extracted. A sepa-
rate data file provides the credibility indicators that each
Note contributor gave to the post they were fact check-
ing, which were also extracted for analysis.

The Note ID and post ID can both be used to find
a JSON webpage containing the text and time of cre-
ation of each Note/post. I used the requests library
in Python to scrape through these JSON pages and ex-
tract these attributes for each Note and each post that
received a Note.

3.2 Processing The Posts That Received
Notes

Once the text of each post that received a Note had been
gathered, it needed to be sorted through to remove any
posts consisting mostly of non-text media, such as pho-
tos and videos, or non-English text. This was because
my method of categorizing posts used a dictionary to as-
sociate themes with keywords and then scanned through
the text of each post and labeled it with the themes cor-
responding to any keywords that appeared. Posts con-
taining only photos or videos and posts in other lan-
guages could not be categorized by this method.

The theme categories I used were politics, inter-
national, entertainment, finance, science/technology,
health/wellness, environment, culture, and swear words.
The keywords associated with these themes were chosen
to be unique to each theme, although if multiple key-
words were identified, a post could be labeled as belong-
ing to multiple categories.

Finally, the credibility indicators attached to each
post receiving a Note were extracted. These indicators
allow the Note contributors to label misleading posts
with the reason they think the post is misleading (e.g.
factual errors, out of date information, satire, etc.). Al-
though not directly related to my hypothesis, this data
could complement the post categorization data for an
analysis of what kinds of posts are most frequently la-
beled as which kinds of misinformation.

3.3 Processing The Notes

Once all of the non-text posts and their associated Notes
had been removed, the remaining Notes needed to be
cleaned to remove any special characters, punctuation,
and URLs to prepare them for sentiment analysis. In
Python, the unicodedata package was used to remove
special fonts, the emoji package was used to remove emo-
jis, and the re package was used to remove URLs. Re-
moving punctuation and standardizing the text as lower-
case was done using built in Python methods. [Expla-
nation of sentiment analysis and how I performed
it]

Next, the timeliness of each Note needed to be calcu-
lated by comparing its time of creation with the time of
creation of the post it was responding to. Another easy
metric to calculate was the length of each Note.

The final Note metric that needed to be determined
was the crowd-sourced helpfulness score. Ratings for
each Note are provided by other X users who can tag
the Note with a number of different categories, some
of which label the post as helpful (e.g. helpfullnfor-
mative, helpfulGoodSources, helpfulUnbiasedLanguage,
etc.) and some of which label the post as unhelpful
(e.g. mnotHelpfulOff Topic, notHelpfullrreleventSources,
notHelpfullncorrect, etc.). In total, there are nine la-
bels that fall under the category of helpful and thirteen



that are unhelpful. To compute an overall score for the
post, I subtracted the proportion of unhelpful ratings
from the proportion of helpful ratings for each Note. For
Notes that received multiple ratings, their overall score
was the average of the scores for each rating. This meant
that Notes that had a higher number of unhelpful ratings
than helpful ones would be given a negative score, and
vice versa would be given a positive score.

3.4 Evaluation

Now that all of the data had been processed, it was time
to begin the analysis. By querying my compiled data
with SQL, I separated the Notes based on the category
of the post they were responding to. Next, I used R to
calculate the correlation between each of the Note met-
rics (positivity score, length, and timeliness) with the
Notes helpfulness score, as well as perform a principle
component analysis to determine which of these metrics
had the greatest affect on helpfulness score. These statis-
tical tests were performed on the aggregate of the Note
data, as well as on each individual category. Finally, I
produced a number of auxiliary data visualizations in R.
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Figure 2: Data Architecture Diagram v.1 (still under
revision)

4 Results

5 Limitations

The first major limitation of this research is that it
did not examine any non-text posts on X. This nar-
rowed down the analysis from [total number of posts
in dataset] posts with [total number of Notes in
dataset] corresponding Notes to [final number of
posts after cleaning] with [final number of Notes
after cleaning] corresponding Notes. These posts
needed to be removed from the dataset since it would
be impossible to categorize them based on keywords.
This method of keyword categorization is another
limitation of my design. A post could fall within a given

category, but if it doesn’t contain any of the keywords
associated with that category, then it won’t be labeled
as such. I tried to overcome this limitation by making
an expansive keyword dictionary, but I had to be care-
ful to choose only keywords that uniquely identified that
category and would (almost) never appear in another
context. A more comprehensive solution to this problem
would be to use machine learning to train an Al model
to categorize each post. This method would likely re-
sult in far fewer posts being uncategorized. Further, if
the model was also trained to categorize images, it could
overcome the first limitation I discussed. Although out-
side the scope of this research, this is a prominent direc-
tion for future work.

6 Conclusion
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