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ABSTRACT

Social media platforms have traditionally relied on internal moderation teams and partnerships with independent fact-checking
organizations to identify and flag misleading content. Recently, however, platforms including X (formerly Twitter) and Meta
have shifted towards community-driven content moderation by launching their own versions of crowd-sourced fact-checking —
Community Notes. If effectively scaled and governed, such crowd-checking initiatives have the potential to combat misinformation
with increased scale and speed as successfully as community-driven efforts once did with spam. Nevertheless, general
content moderation, especially for misinformation, is inherently more complex. Public perceptions of truth are often shaped by
personal biases, political leanings, and cultural contexts, complicating consensus on what constitutes misleading content. This
suggests that community efforts, while valuable, cannot replace the indispensable role of professional fact-checkers. Here we
systemically examine the current approaches to misinformation detection across major platforms, explore the emerging role of
community-driven moderation, and critically evaluate both the promises and challenges of crowd-checking at scale.

Introduction

Social media platforms empower users to share opinions and perspectives at scale. This openness brings the persistent challenge
of dealing with harmful, misleading, or otherwise objectionable content without unduly constraining freedom of expression. To
navigate this tension, platforms implement content moderation policies aimed at protecting users from potentially dangerous
material while preserving the integrity of public discourse. The responsibility of enforcing these rules traditionally falls
upon teams of experts such as content moderators, supplemented by veracity judgments provided by third-party independent
fact-checkers'= as well as by automatic Artificial Intelligence (AI) systems working in tandem*. In practice, these platform
enforcers determine whether to remove content, restrict its visibility, or attach warning disclaimers to a post, depending
on its potential to cause harm. However, both Al-based and centralized manual moderation have limitations. Al tools for
content moderation, while scalable, are marred by high rates of false positives, often over-flagging benign content and unfairly
reprimanding users, and false negatives, letting truly harmful content slip by undetected’”. Recent advances in large language
models (LLMs) have shown some promise in automatic veracity prediction'%!! to support fact-checkers but suffer from issues
with factuality'? and utility in practice!>!*. Fact-checking experts are reliable, but cannot keep up with the relentless pace of
user-generated content posted online!> 16,

The sheer volume and velocity of online information has strained traditional fact-checking models, leading to innovations
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in crowd-sourced moderation approaches such as Community Notes!”, which aim to leverage crowd wisdom for broader and
faster coverage, albeit with its own set of considerations regarding quality and bias. In an effort to keep content moderation
as democratic as possible, the core idea behind this approach is to leverage the collective input of users on the platform (i.e.,
community) to add context to posts that may violate content policies or contain misleading information. In this approach,
platforms maintain automatic systems and internal teams in place to remove illegal or severely harmful posts containing
harassment, violence, sexual exploitation, and drug-related content, while the remainder of posts are subject to community-
driven moderation. In January 2025, Meta revealed a major policy change, announcing that it would end the use of third-party
fact-checkers on its platforms due to alleged bias'®. Meta stated that content that many users might view as acceptable political
commentary — albeit to be consumed with a pinch of salt — may have been unnecessarily suppressed. This argument is
disputed by fact-checkers, who point out that they take serious steps to maintain political impartiality, including regular internal
and external reviews'”.

Neither professional fact-checking alone nor nascent community moderation systems like Community Notes offer a perfect
solution to online misinformation. While professional fact-checking offers depth and rigor, its scalability is limited. Conversely,
community-driven models like Community Notes promise scalability and diverse perspectives but must navigate challenges of
consensus-building and potential manipulation. Additionally, it builds upon an epistemological proposition that facts are subject
to consensus and negotiation, rather than objective or indisputable as traditionally intended by professional fact-checkers.
Such a shift has far-reaching potential consequences for the global information eco-system more broadly. This paper explores
how these distinct approaches have been deployed in content moderation, critically assesses the promises of community
moderation, and highlights how collaboration between communities, experts, and technical innovations can address pervasive
online misinformation.

Community-Driven Content Moderation

The concepts underpinning community-driven content moderation have a long history?’. Wikipedia, for instance, has long

operated on the principle of collaborative governance, relying on its users to faithfully curate and manage information for the
platform®!. Similarly, Reddit delegates some autonomy to its users, allowing a subset of users to moderate content within their
respective subreddits>>. Many social media platforms lean on user reports, not only to flag harmful content that evades content
moderators, but also to help calibrate policies in response to concerns about certain types of content'®23. However, user reports
that inform content moderation decisions implemented by the platforms differ from more structured approaches to community
fact-checking.

In the domain of community-driven content moderation on social media platforms, Twitter (now X) launched Birdwatch'’
in early 2021, the first large-scale initiative in this space, and later rebranded it Community Notes’*?>. While the program’s
initial iteration exposed significant shortcomings—such as a vulnerability towards targeted manipulation attempts and partisan
bias affecting the notes’ writing style and approval, the company has since invested a substantial amount of resources into its
refinement®®27. Key improvements include a more sophisticated algorithm to calculate helpfulness of notes, which rewards
notes endorsed by a diverse set of users rather than a simple majority; and eligibility criteria for contributors to ensure
participation by genuine users>. Following X’s lead, other social media giants, such as Meta and, to a lesser extent, TikTok and
Weibo, have recently pivoted in favor of a similar community-driven moderation approach over hired experts for moderation
on their platforms®®=. Some of these platforms posit community notes as a one-size-fits-all solution to the limitations
of fact-checker-led content moderation. Community notes have indeed shown encouraging results on several fronts where
moderation assisted by third party fact-checkers is limited, such as content coverage’!=3*. However, most of these results and
the portrayal of community-driven content moderation as the definitive solution rest on overly-optimistic assumptions about the
integrity, diversity, and efficiency of user collaboration. Just as citizen journalism’s initial promise to democratize information
has faltered and been critiqued for its issues with capacity, reliability and lack of professional standards**3>, similar limitations
may manifest in community notes.

In this paper, we review the current implementation of community notes. As illustrated in Figure 1, the frameworks
deployed by platforms such as X, Meta, and TikTok follow a similar multi-step process>2>3%-36:37 Al new posts first go
through a pre-moderation step, where an automated “harmfulness” classifier assesses the harm potential of the content. Based
on the nature of the content and the inferred type of harm, the content is categorized as either restricted or less harmful.

Posts with content that poses severe harm, such as calls for violence or terrorism, depictions of child sexual exploitation,
and drug-related activities, are deemed to be completely unacceptable by most platforms. Moreover, the spread of these posts
also exposes platforms to expensive lawsuits for failing to protect their users from digital harassment*®:3°. Such content is
labeled as restricted at the pre-moderation step itself and is not published on the platforms. Additionally, the platforms monitor
user reports to identify and remove content violations that seep through the automated system. Similarly, content about which a
classifier is uncertain may go directly to a queue for a manual check’. Notably, X took down over 3 million posts from public

view in the latter half of 2024, either via automated flagging systems or human review*’.

2/14



Restricted > Q
O Content

¥y Remove post
- from platform
3 Harmfulness
Classifier -
~ v v
A B v =
Less Harmful 2 5\" ¥ ‘ = ’
User creates Pre-Moderation step Content —> [ ) —— ® v —_—>
a post to assess harm potential ab P a
Contributor Peer-review among Note published
proposes a note contributors with if it earns enough
diverse perspectives helpful ratings

Figure 1. An overview of the community-driven content moderation framework as proposed by major social media platforms
like X, Meta, and TikTok. The moderation process is divided into two main stages: (i) Pre-Moderation using Al classifiers,
which categorize content as either restricted — blocked from appearing on the platform — or less harmful, which is passed on
for community moderation; and (ii) Community Moderation, where eligible volunteers may propose additional context that
undergoes peer review by other contributors with diverse perspectives before being published after a consensus is achieved.

Posts that are not automatically restricted may still contain misleading or harmful content. Such posts are subject to
community-driven content moderation, where eligible users may propose community notes providing context that clarifies why
the content may be wrong or misleading. The proposed note, then, undergoes a peer-review process, where other community
note contributors with diverse perspectives rate its helpfulness. For a note to appear publicly, it must earn enough helpful
ratings that pass the platform’s acceptability threshold. Once rated as helpful, the note is displayed alongside the original post.
While Meta previously prevented posts labeled by independent fact-checkers as false or misleading from being algorithmically
promoted, this is not currently the case for posts with community notes. However, it is important to note that what constitutes
‘diverse perspectives’ remains unclear, as platforms do not clearly define diversity itself — only how it is quantified in the
algorithm using historical mutual disagreement between users on the perceived helpfulness of other community notes.

The promises of community moderation
Social media platforms claim that community moderation offers several improvements over expert fact-checking:

* The Community Notes model democratizes content moderation. Conventionally, fact-checkers advise platforms on
potentially harmful mis/disinformation, prompting actions like labeling, limiting spread, or removal. Meta claims this
has led to user dissent over perceived censorship'®. In contrast, community moderation allows all (non-severely harmful)
posts to remain public, letting users decide if a note of caution is needed. This may reduce perceived bias and encourage
pluralistic interpretations. However, Wikipedia shows that such systems can be undermined by dominant editors or
collusive groups*!. Community moderation also risks favoring popularity over truth. Moreover, due to echo chambers on
social media***}, community notes may not reach ideologically diverse users, weakening their effectiveness**.

¢ Community moderation can scale up and speed up misinformation detection. The volume of user-generated content
far exceeds what professional fact-checkers can handle, forcing them to prioritize the most harmful and verifiable claims.
Payment models tied to fact-check volume can incentivize checking easier claims, leading to biases and leaving harmful
content unchecked. Still, this selection bias is arguably justified, as it targets the most dangerous content. Community
notes, by contrast, allow a broader pool of volunteers to verify more diverse content. Yet, self-selection remains a
challenge — few have the time or motivation to participate, as seen in the skewed demographics of Wikimedia editors*.
Discovery is another issue: due to personalization and polarization, knowledgeable users may not encounter misleading
posts*>. Moreover, expert verification often comes too late — most of the engagement typically occurs before a claim is
fact-checked*®. Paid, crowd-sourced moderation can be faster and scale better**, but has outperformed experts only in
limited cases. Many useful notes remain unpublished due to contributor disagreements, and it is unclear if such systems
cover more content overall?147.

¢ Community moderation is less intrusive. Community-driven moderation shows peer-approved notes non-intrusively
alongside posts'®2%, allowing users to engage with or ignore them. Earlier expert-led systems often used more intrusive
warnings, requiring user action to proceed. Community notes usually avoid verdicts (e.g., true/false), instead offering
missing context — useful for ambiguous claims or grey areas like dogwhistles*®, and less likely to polarize. However,
studies show that expert warning labels effectively reduce belief in and spread of misinformation, even among skeptics*®>°.
Ultimately, the ‘intrusiveness’ of moderation is a design choice, and fact-checker systems could adopt similar display
styles. Therefore, a direct comparison of the effectiveness of both approaches remains necessary.
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Community Notes versus Third-Party Fact-Checking

The rhetoric and policy shifts by social media platforms such as Meta and X suggest that community notes are a salve to the
issues with fact-checking!®2*. We believe this is a false dichotomy: the two approaches are deeply intertwined>!. Here, we
present a balanced investigation of the extent to which community notes delivers on the claimed benefits. We shed light on
potential risks for users and platform integrity, which make community notes ill-suited as a comprehensive replacement of
moderation experts. Table 1 presents a brief overview of our discussions in subsequent subsections, offering a comparative
breakdown, across various indicators, of the two moderation approaches: use of third-party fact-checkers and reliance on
community moderation.

Are community notes more scalable?

By harnessing the “wisdom of the crowd,” the community notes model has a strong potential to enhance the scalability and
quicken the response times of content moderation on social media platforms**. However, analyses of similar crowd-sourced
approaches demonstrate competing evidence that cast doubt on the claims of increased effectiveness over expert-led moderation.

* Volume: Community notes can be written and voted on by any platform user (subject to a minimum quality check®?),
while professional fact-checkers are typically limited to individuals with training in journalism. Given the limited
capacity of fact-checking projects (as of May 2024, there were 439 independent professional fact-checking projects
in 111 countries>®), community notes hold the potential to address a much larger volume of misleading claims than
fact-checkers alone. However, given that just a small proportion of proposed notes reach publication status®!, the volume
of moderated posts does also not correspond to the (output) volume of warning labels.

¢ Breadth: Fact-checkers outside Western, Educated, Industrialised, Rich, and Democratic (WEIRD) nations face chal-
lenges like limited press freedom>*, data scarcity>?, financial constraints'>°, and even physical threats®’, despite support
from global networks>®. Community notes can extend coverage to regions where professional fact-checking is constrained.
Pseudonymity allows laypeople and citizen journalists to flag misinformation in risky environments. Professionals priori-
tize high-virality or high-harm claims®® %, whereas community notes can address a wider range—provided volunteers
are present. However, contributor demographics (e.g., Wikipedia) remain skewed toward Western males*>®!. Only 20%
of contributors have written notes that reach consensus®?, indicating that self-selection may limit both participation and
topic diversity.

« Expertise: Fact-checking is a skilled and complex task that requires specific experience, expertise, and data access, for
example, in identifying patterns of misinformation and uncovering large-scale disinformation campaigns. Furthermore,
verifying complex or high-stakes claims (e.g., relating to health, science, or economics) often requires specific expertise,
which most community note-writers are unlikely to possess. Often, the information needed to verify a claim is not
available online and requires creating new knowledge, e.g., by directly contacting experts or first-hand witnesses'*%3. In
these cases, crowd-sourced fact-checking tends to rely on existing analyses by professional fact-checkers!>%*. Community
note writers often target lower-risk misleading posts, such as scams®! and claims that have previously been fact-checked?'.
Speed: While professional fact-checking articles undergo lengthy cross-checks and editorial oversight to ensure quality,
community notes have been posited as a method of expediting the fact-checking process. However, there is mixed
evidence in support of this claim: one study found 20-30 ideologically diverse laypeople can reach accurate verdicts faster
than experts**, but another showed the ‘crowd’ was quicker than experts in less than 6% of cases®!'. A key bottleneck is
the requirement for cross-ideological agreement before publishing a note, leading to an average delay of 15.5 hours??
and many helpful notes never being published*’. The system may also be vulnerable to manipulation by coordinated
actors suppressing valid notes®. In collaborative models like Wikipedia-style editing, laypeople were often faster than
experts only because they could reference existing professional fact-checks®®, indicating the complementarity between
expert and volunteer fact-checking.

L]

Are community notes more trustworthy?

One of the areas in which community notes hold the greatest promise is their potential to increase public trust in fact-checking,
content moderation, and social media platforms. However, there are several significant barriers that must be addressed to realize
this potential.

* Democratic: The current implementation of Community Notes on X stipulates that in order to be published, a note must
receive enough ‘helpful’ votes from users who generally tend to disagree with one another in their votes. This method
rewards writing notes that readers with distinct perspectives can agree upon, and ensures that notes are not monopolized
by certain ideologies. Notes that refer to trustworthy®® or unbiased®” sources tend to result in higher ‘helpfulness’ ratings.
However, due to political polarization®®, community notes on contentious political issues rarely reach a consensus*!47.
This approach can therefore quash fact-checks on politically-sensitive claims, even if there is a clear and indisputable
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Dimension \ Third-Party Fact-Checker Based Moderation \ Community Notes \ Our Critique

Volume — How well community moderation scales in prac-
— Can verify only a small fraction of all content. | — Potential to address a larger volume with thou- tice is yet to be proven: only a small proportion of

sands of volunteers submitted community notes reach publication

Breadth @ Hi — Effectiveness is contingent on volunteers willing
— Forced to focus on high-visibility claims given | — Can cover a broader set of topics beyond expert | to engage with claims falling outside of mainstream
volume of content. capacity. discourse.

— Limited in the scope of issues that can be ad- | — Anonymity can allow crowds to address sensi-
dressed due to several factors. tive claims that experts may be at risk for doing so.

Expertise - — Creation of new knowledge is often required: a
s Fact-checkers are trained on the task and can | — Can re-purpose existing fact-checks to address | skill fact-checkers are trained for, but the crowd is
effectively address all sorts of claims. known misinformation or lower-risk claims. unlikely to exhibit.

Speed Highly Variable — In practice, community notes are faster than fact

— Rigorous time-intensive quality checks to en-
sure factual correctness limits the number of claims
verified per day.

— Can be much faster at the verification process
by leveraging the “wisdom of the crowds”.

checks <10% of the time?'.

— Consensus among ideologically diverse users is
a critical factor: some notes are approved quickly;
other valid ones face delays or are left unpublished.

Democratic Nature

Partly
— Unilateral decisions by dedicated teams and the
platforms to add warning labels / remove content.
— Fact-checker decisions also undergo internal
peer-review by fellow fact-checkers.

Qes)
— The community decides if a post needs extra
context and what that extra context should be.

— Democratic voting process: any user can pro-
pose a note, which is made public only if a consen-
sus on its helpfulness is reached.

— Unclear whether a ’democratic’ process con-
tributes to the discovery of the objective truth; may
lead to valid notes remaining unpublished

Bias m Moderate — Majority of sources cited as evidence by the
— Forced to prioritize high-risk claims; introduc- | — No forced prioritization of high-visibility / high- | crowds are left-leaning in practice.
ing a bias in choosing the claims they can verify. | risk claims. — Crowds are also susceptible to various cognitive
— Selection bias is towards countering harmful | — Consensus among users with opposing views is | biases, while fact-checkers are trained to view con-
content; no evidence of this bias resulting in sup- | required, making it inherently less biased. tent through a neutral lens.
pression of authentic narratives barring recent alle- | — Crowds are biased towards what they consider
gations by social media platforms. interesting to flag and whether the content is even
seen by users inclined to flag it.
Transparency Moderate Moderate — The algorithm lacks key details, especially how
— Platforms offer limited justification for censor- | — Deliberation process can be fully transparent, | diversity among users is defined.
ship of content, thereby making it harder to scruti- | with users being able to view all proposed notes | — Unclear how users may scrutinize the commu-
nize expert decisions. and the level of agreement within the community | nity’s decisions.
— Third-party fact-checkers are bound by strict | on these notes. — Lack of transparency regarding bias and con-
principles of transparency of bias, sources and fund- flicts of interest of contributors
ing — No onus on the crowd to outline the verification
process; fact-checkers generally present this as part
of their analysis of the claim.
Coordinated — Ample evidence of malicious users colluding to
Adversarial — No easy way for malicious actors to attack the | — Susceptible to coordinated attacks that challenge | inorganically boost content on social media.
Attacks sanctity of the professional fact-checking process. | the credibility of authentic information, or suppress | — Wikipedia exhibits vulnerability to collusion in

helpful notes due to dissenting views.

the voting system for approving specific edits on
the website.

Impact on misin-
formation beliefs

— Fact-checker labels are effective in preventing

Mixed
— Found effective in preventing spread of misin-

— Notes are not “promoted” by the platform in any
way. People who have already seen the post do not

and spread misinformation, even among users skeptical of fact- formation in some cases. go back and read the note.
checkers. — Evidence suggests it expedites voluntary retrac- | — Fact-checkers publicise their work, communi-
tion of misleading posts. cate retractions and even directly approach public
— Considerable time delay between publication of | figures to ask for corrections.
the post and the community note.
Psychological Argued Not Discussed — Psychological risks associated with laypeople
Harm — High cognitive load in viewing sensitive content, | — No protective policies proposed for the cognitive | encountering sensitive content are left undiscussed
but protective policies are in place for welfare of load experienced in viewing sensitive content. by social media platforms.
experts. — Lack of protective policies exposes platforms to
— Fact-checkers are professionally trained and ac- legal liabilities.
customed to encountering sensitive content. — That said, rowd-sourced moderation is volun-
tary, and users are not forced to consume/verify
sensitive content.
Unpaid Labour — Addressing misleading content is a demanding

— Third-party fact-checkers are hired by platforms
to advise on handling of misleading content.

— Relies on unpaid volunteers to engage in the
task without labor protection.

task, which deserves adequate remuneration.

— Shifting responsibility to unpaid volunteers di-
minishes the fact-checkers’ work and undermines
the public’s right to “the whole truth”.

Table 1. Comparison of capabilities of Third-party Fact-checker based Moderation and Community Notes on social media
platforms. Our analysis uses a three-point scale: Low capability in red, Mixed or Unclear capability in yellow, and High
capability in green. We also outline the proposed advantages and drawbacks of both moderation approaches as argued by key
stakeholders (e.g., social media platforms and fact-checkers), along with brief details on our critical evaluation of these claims.
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verdict. We note a core epistemological difference in how the two approaches view facts: community notes as subjective
constructs that are a matter of personal opinion, compared to fact-checking as an objective truth to be discovered through
analyzing evidence® 0. This raises a fundamental question for platforms, policymakers, and the public: can democratic
legitimacy and epistemic truth coexist in content moderation?

Bias: Proponents of community notes have argued that the cross-perspective consensus required for publication means
that these crowd-sourced fact-checks are inherently less politically biased than those written by professional fact-checkers.
However, the majority of sources that are cited in notes are left-leaning news outlets rated to be of high factuality’!,
suggesting that similar perspectives emerge in fact-checking and community notes. Moreover, notes for posts from US
Republicans are proposed more often and rated as more helpful than for posts from US Democrats’>. Community note
users may also be susceptible to various cognitive biases: crowdworkers generally overestimate the truthfulness of claims,
are overconfident in their abilities to judge the truthfulness of statements, and their truthfulness judgments are adversely
impacted by their opinion of the claimant’3. It has also been highlighted that while professional fact-checks are expected
to adhere to formal and neutral communication styles, there is no such onus on community volunteers. Note writers may
attempt to manipulate readers using highly persuasive but logically incoherent argumentation’*.

Transparency: Platforms like X and Meta have open-sourced their community notes algorithms , enabling external
inspection and reuse. In principle, this promotes transparency, letting users and readers understand how notes are assigned.
While professional fact-checkers present evidence logically, their decision-making often involves intuition!* %3, as likely
with community reviewers. Still, algorithmic transparency may boost trust. In practice, however, documentation lacks
detail. For instance, ideological diversity is modeled along a single axis—adequate for political bias'’, but insufficient
for capturing cultural, linguistic, or conspiratorial biases, requiring further study. Additionally, note authors remain
anonymous, obscuring potential biases that could be inferred from past behavior. In contrast, fact-checking organizations
follow strict transparency standards’® 7’ often naming individual fact-checkers and disclosing sources, funding, and
correction policies. Community notes lack a formal correction system; updates depend on users to detect and vote on
inaccuracies.

Coordinated adversarial attacks: Online social networks have long been susceptible to coordinated adversarial attacks
— be it from automated bots or groups of users who inorganically inflate social reputations, amplify specific narratives
and engage in other potentially harmful behaviors’® 7. Recent studies emphasize that community moderation is also
exposed to the same vulnerability>#*. Although platforms implement safeguards to validate contributors as real people
and not adversarial actors, these mechanisms are not perfect and can be gamed with the right resources. Thus, entrusting
a virtually unrestricted user base with content moderation responsibilities opens the door for malicious groups to exploit
the system. By creating an artificial perception of internal disagreement through collusive inorganic activity on benign
content, such groups can deceive the community notes algorithm and gain the platform’s trust. This could place them in a
dangerously advantageous position, allowing them to launch coordinated attacks on authentic narratives — suppressing
their reach by casting doubt on their credibility through misleading community notes that falsely debunk the original
content.

28,75

L]

L]

Do community notes help in countering misinformation?
There is insufficient data on the effectiveness of community notes as interventions for misinformation.

* Impacts on misinformation beliefs: The additional context provided by community notes appears to be appreciated
by readers: they are judged as more trustworthy than simple labels that flag misinformation with no additional detail®>.
However, the study did not compare community notes with context written by professional fact-checkers, so it remains
unclear whether a clear preference exists between the two approaches. Community notes and news article suggestions
were found to be equally effective in reducing people’s belief in and intention to repost misleading posts on social
media’*. An analysis of a single health-related claim in the same study found that community notes were more effective
interventions for a positive framing (e.g., “This food may cure cancer”), whereas related articles were more effective for
a negative framing (e.g., “This food may cause cancer”). It is unclear how far this may generalize to other claims and
domains. Notes may also have negative tradeoffs: displaying community notes leads users to post more negative, angry,
disgusted replies to misleading posts.

¢ Impacts on misinformation spread: Although Meta and X do not automatically reduce the reach or visibility of a post
that has received a note', there is some evidence suggesting that notes are useful in curbing misinformation spread:
posts on Twitter/X that are labeled by community notes as ‘misleading’ receive 37% fewer retweets than posts deemed
‘not misleading’.3! Community notes also increase the probability of tweet retractions and deletions and expedite the
retraction of misleading posts.>*%2 On the other hand, community notes can draw attention to misleading posts, leading
to increases in likes, engagement, and followers for accounts that receive ‘misleading’ community note labels.®?
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Are community notes an ethical replacement for professional fact-checkers?
Several ethical concerns have been raised with regard to an increasing reliance by social media platforms on crowd-sourced
fact-checking.

* Psychological harm: Professional fact-checkers are accustomed to encountering harmful content (e.g., violence, abuse,
and other explicit content) regularly, and receive dedicated training and support to manage the psychological consequences.
Shifting this work to volunteers without any form of psychological support risks severe harm to those who write and rate
community notes®3. There is also a risk for platforms of potential liability and legal action by content moderators®*.

» Unpaid labor: In addition to the emotional burden borne by community moderators, relying solely on community notes
raises the ethical issue of expecting non-professional volunteers to carry out intricate research on behalf of for-profit
companies (distinct from contributors to non-profit Wikipedia) without remuneration or labor protection. The task of
fact-checking requires skilled, challenging work, and those who undertake it should be fairly compensated for it.

¢ De-funding and de-professionalization of fact-checking: In addition to eroding fact-checking organizations’ capacity
to perform their basic functions, divestment in fact-checking devalues and diminishes the critical importance of access
to reliable information for functioning societies®>. Although community moderation relies on unpaid labor, it lacks
professional standards, particularly in terms of training, accountability, and methodology. Community notes should be
viewed as an approach that complements professional fact-checking rather than replacing it.

Recommendations

Drawing from our discussions thus far, it is clear that community moderation presents several unresolved issues that keep it
from realizing its potential. Social media platforms have not yet addressed these issues when endorsing the community-driven
approach as a replacement for expert-led moderation. We argue that platforms must improve the design of community
moderation algorithms, taking into account their assumptions regarding the efficient user collaboration that is necessary for the
success of this moderation approach. Here we put forth some recommendations for how the current issues with community
moderation can be addressed by platforms and policymakers. Table 2 provides a summary of our discussion in this section.

Collaboration between community and experts

Community moderation represents an important step towards democratizing and scaling up content moderation. Yet we believe
that its adoption as a replacement for fact-checkers is a missed opportunity for fruitful collaboration between experts and the
crowd. Several reputed experts have advocated for such a collaborative approach!®-8+86 Involving fact-checkers at various
steps in the community moderation framework can overcome many of its unresolved issues:

* Distributing the workload by filtering claims based on risk and ease of verification: The crowd can address “low-
hanging fruit” of mis- and disinformation. Previously, third-party fact-checking programs for content moderation have
used machine learning solutions to address low-risk content, but with minimal human oversight. Community-driven
content moderation allows volunteers to propose notes on relevant content by leveraging previously fact-checked claims
and Al to surface already verified information—a technique that has proven effective in the mitigation of misleading
content®?. This, in turn, would allow professional fact-checkers to focus on emergent, high-risk claims that demand
deeper investigation with an expert touch.

¢ Fact-checkers acting as secondary reviewers to approve valid notes stuck in peer-review: A collaborative approach
can help alleviate bias-related issues and resolve cases where helpful notes do not reach consensus. Fact-checking experts
can provide an expert, third-party assessment of the notes and content, analyzing both sides of the story where disputing
opinions among laypersons might stall the peer review process. Earlier, some platforms had in-house teams of moderators
who would take action against potentially harmful content, based on the advise of third-party fact-checkers. Now with
the community notes model, platforms can, similarly, appoint further layer of governance comprising of established
fact-checking experts. Through an internal content moderation management system, platforms can empower these experts
to act as reviewers who can grant approval to helpful notes proposed by volunteers. This could be particularly useful for
valid notes that exhibit some agreement within the community, but fall short of the acceptability threshold due to partisan
objections. We note that research has experimented with using Al to help with this task.3”

* Flagging investigation worthy claims for professional fact-checkers: The crowd could flag content in need of deeper
analysis by expert fact-checkers. Fact-checkers often spend significant time just looking for claims that present the
greatest potential risk for society. Having the crowd’s support would help professional fact-checkers filter the vast stream
of user-generated content to a smaller set of relatively high-risk claims. Platforms have always presented user-reported
content to hired independent fact-checkers for verification. Community moderation presents a more transparent and
democratic way of implementing such a flagging or priority system, though the concerns raised about transparency above
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Category ‘ Recommendation Challenges Addressed Details
Collaboration Workload distribution * Breadth * Crowdwork to verify repetitive misinformation
between com- * Volume or widely debunked claims with ref
munity and » Expertise * Fact-checkers to concentrate on new high-risk
experts claims that need creation of new knowledge
Fact-checkers as sec- ¢ Bias * Fact-checkers can assess notes subjectively, con-
ondary reviewers * Speed sidering all sides of the narrative
 Fact-checkers to act as reviewers and approve
notes that show partial helpfulness but do not
meet the platform’s threshold
Flagging investigation- ¢ Volume » Use community notes to identify and/or priori-
worthy claims » Expertise tize check-worthy claims for fact-checkers
* Bias * Transparency through providing overview of dis-
tinct ideological groups writing and flagging
posts
Collaboration Social opinion analytics ~ * Speed  Expedite bridging diverse perspectives by identi-
between tech-  Adversarial attacks fying users more likely to engage in constructive
nology and the debate
community * Improve robustness to brigading and/or coordi-
nated attacks
Fusing Community < Bias * Identify points of agreement and discord be-
Notes tween users
* Generate notes that diverse perspectives can
agree on
Al-agents to simulate * Bias * Flag posts with potentially sensitive content for
crowds * Volume review by experts
Previously “community- ¢ Volume * Recommend notes from related posts
noted posts” * Enable cross-platform community moderation

Table 2. A summary of our recommendations to address the challenges faced by community notes. We present the list of our
recommendations, the specific challenges they address, and a brief description of how they could be implemented within the
community moderation algorithm.

still apply. This system could further be augmented with a transparent view of the users engaging with investigation-
worthy content. Such contextual analysis, commonly included in expert fact-checks, helps illuminate patterns in how
misinformation spreads and which groups are most affected.

¢ Cross-platform community notes: Part of the success in removing child sexual abuse material (CSAM) and other
clearly illegal material is the existence of centralized, third-party repositories (e.g., The Internet Watch Foundation and
GIFCT). No such resource linking fact-checks or community notes to content currently exists. One of the major strengths
of X’s Community Notes approach is its open source algorithm, which has been adopted by Meta®®. A centralized
community moderation system could be facilitated by multiple social media platforms, so notes that appear on one
platform appear for the same claim on others. Such an approach could also help platforms with fewer users respond
faster to misleading or other harmful content.

Collaboration between technology and the community

Alongside the collaboration between fact-checking experts and the crowd, we propose how technology could address some
of the pitfalls of community moderation. Al and network analysis can improve the efficiency of key stages of the current
community moderation, and even automate certain processes—ultimately enhancing the productivity of the crowd.

* Auditing ‘diverse’ perspectives: As we have discussed, the lack of transparency with regard to the users of community
notes remains a challenge with potential for technical solutions. For example, proposing quantitative metrics to measure
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the diversity of perspectives, or developing Al techniques for improving the diversity of and de-biasing such clusters.
Using network analytics to address the partisan bottlenecks: A major source of tension and debate among experts
is how the algorithm handles the bridging of diverse perspectives in the peer review process. Reaching a consensus in
community moderation on certain issues is not as easy as the platforms make it sound, evident from how valid notes
are often left unpublished due to insufficient votes*”-6°. Research on modeling social opinion dynamics offers network
analytics methods to efficiently identify users with opposing perspectives by studying their online activity*>%%. Some
studies even analyze how users with competing views could be selected from the network such that they would engage in
a constructive debate on a particular topic®®#. Such methods could help address the major bottleneck of community
moderation by finding people who are willing to rate notes that potentially oppose their own views.

Using network analytics to identify collusive groups: The community notes algorithm is at risk from collusive behavior
by malicious user groups. In particular, these groups may: (i) deceive the algorithm through manufactured internal
disagreement to launch attacks on authentic content at opportune moments; or (ii) suppress helpful notes by rating them
negatively simply because they conflict with the group’s preferred narrative. Prior research on social network analysis has
proposed frameworks for detecting collusive behavior on social media — such as groups of users artificially inflating social
reputations or amplifying specific narratives’’. Although early detection of artificial disagreement among community
notes contributors is a fundamentally different task compared to existing efforts, we believe these frameworks could still
offer useful foundations for spotting coordinated manipulation in community moderation. Further research in this sphere
is critical. Researchers and platforms must continue analyzing community notes data to uncover collusive activities and
the underlying patterns of user interaction to build robust defenses against such manipulation in community moderation.
Using Al to fuse information from various proposed community notes: As discussed earlier, a significant number of
valid notes remain unpublished because users with opposing viewpoints often fail to reach consensus on them*’. Some
studies suggest that this could partly be because the proposed notes present a biased narrative — one that aligns with
the contributor’s perspective, sometimes omitting key information. Moreover, this also causes “the whole truth” to be
fragmented across multiple notes, with no single note providing a clarity on the situation. Consequently, users from
diverse perspectives find it hard to rate a particular note as helpful. To address this, Supernotes have been proposed, which
are Al-generated notes that integrate information from all proposed notes for a post into a single, cohesive version®”.
These Supernotes are designed to maximize the probability of consensus among users by reflecting historical patterns
of writing in community notes rated as helpful by diverse user groups®’. We believe that Supernotes and other similar
methods hold great promise for community moderation by synthesizing notes that offer a comprehensive and neutral
account of events — making them more acceptable across a broad range of user perspectives.

Al agent-augmented crowds for proposing community notes: With recent advancements in reasoning capabilities
of LLMs, agentic fact-checking has shown great promise for verifying real-world-claims. Parallelly, as community
notes have become prominent, some studies have also advocated for the potential of LLM-agents to simulate crowds for
community moderation®'. These swarms of agents have demonstrated an ability to classify the truthfulness of social
media posts, with performance comparable to that of human crowds. However, it is important to keep in mind that
these studies were performed in controlled environments, but real-world, user-generated data is much more noisy and
complex. Further research is needed to evaluate the performance of such systems in practical, real-time scenarios. That
said and building on insights from prior efforts in developing successful agentic fact-checking systems, we believe that
LLM agents could be useful for proposing notes on problematic content. And as community notes grow, these agents
could be further tuned to align with the performance of ideal human crowd-workers, particularly to overcome common
limitations of human crowds—such as truthfulness overestimation and cognitive biases’3. Note that, we do not advocate
for fully replacing human community notes contributors. Rather, we envision these Al-agents to augment human efforts
in proposing community notes by automating certain parts of the process.

Using Al to suggest similar previously ‘community-noted’ posts: A key step in automatic fact-checking is to identify
whether a seemingly new claim can be verified using a previously fact-checked claim®-°2. A similar strategy could be
adopted for community notes. Such a system could also be augmented to enable cross-platform community moderation.
Given the transparent and open-source nature of community notes, platforms adopting it could collaborate to centralize
these notes. Al could then match new posts to previously “community-noted” posts, minimizing redundant verification
efforts from the community across platforms.

Conclusion

Community notes offer significant promise for addressing misinformation on social media platforms, with the potential
to increase the speed, scale, and participation in fact-checking. Yet our analysis of the current implementations of the
community note model reveals critical limitations of crowdsourced fact-checking and demonstrates that they fall well short of a
comprehensive solution to the socio-technical challenges of misinformation, and to the complex issues of bias and trust in

9/14



information. In this paper, we have outlined how some of these challenges might be addressed. Collaborating with fact-checkers
and journalists can complement a community moderation system and provide the necessary expertise and accuracy crucial in
complex and high-stakes contexts. Technical approaches can support the transparency of this approach and bolster resilience to
bias and malign manipulation. Our recommendations for the future of community notes point to how such a model can scale
the reach and participation in fact-checking. Community-driven efforts are necessary, but not sufficient alone as a means of
combating misinformation. Social media platforms must take responsibility for foregrounding and incentivizing high-quality
contributions, while policymakers can mandate transparency and common standards among platforms, to ensure that systems
are designed to serve the broader information society. Community moderation may help democratize fact checking, but without
the integration of expert viewpoints, algorithmic transparency, and institutional support, it risks consolidating consensus over
establishing correctness.
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