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Research Article 

 

Fact-checking at a crossroads: Fact checkers’ perspectives 

on Community Notes, AI integration, and design 

recommendations 
  
Social media platforms are increasingly using community-based verification systems, such as Community 

Notes, and AI systems to flag and contextualize potentially misleading content at scale. While these 

approaches promise speed and broad coverage, concerns about accuracy, bias, and transparency persist. 

Drawing on interviews with 29 fact checkers, we find that practitioners see community-based verification 

and AI Note Writers as complementary tools that can support, but not replace, professional fact-checking. 

Our findings suggest that hybrid approaches, in which community contributors, AI tools, and expert fact 

checkers perform distinct but complementary roles, may offer a promising path toward scalable and 

trustworthy verification. 
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Research questions 
• RQ1: What opportunities and challenges do professional fact checkers identify in community-

based verification systems? 

• RQ2: How do professional fact checkers perceive AI Note Writers and their role in fact-checking 
practices? 

• RQ3: What potential models could help address challenges in community-based verification 
systems? 

 

Essay summary 
• This study draws on semi-structured interviews with 29 fact checkers from member organizations 

of the International Fact-Checking Network (IFCN),2 examining their perspectives on community-

 
1 A publication of the Shorenstein Center on Media, Politics and Public Policy at Harvard University, John F. Kennedy School of 

Government. 
2 The IFCN is a global network that promotes standards in fact-checking. Signatories are required to undergo an independent 
verification process to confirm their adherence to criteria including non-partisanship, transparency, and methodological rigor 
(IFCN, 2026a). 
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based fact-checking systems and the emerging artificial intelligence (AI) assisted features. 

• Participants viewed community-based verification as promising but with significant 
implementation shortcomings. They emphasized its potential to expand coverage beyond the 
capacity of fact checkers, surface emerging claims, and provide rapid context. At the same time, 
they emphasized several limitations, including uneven quality of contributions, risks of bias, and 
slow publishing processes. 

• Participants stressed that community-based verification systems are best understood as being 
complementary to professional fact-checking; community contributions are well-suited for low-
stakes claims and for fast correction, while professional fact checkers remain essential for 
investigating high-stakes claims. 

• Participants acknowledged AI Note Writers’ potential to increase speed and scale, but expressed 
concern about factuality challenges, including hallucinations, bias, and limited contextual 
awareness. 

• Building on prior scholarship proposing hybrid verification systems, this paper presents an 
empirical account of fact checkers’ perspectives and their expressed support for participation in 
such systems. 

 

Implications 
 
Growing concern over the spread of misinformation online initially led many platforms to rely on 
professional fact checkers to identify and flag false content (Bettadapur, 2020; Instagram, 2019; Mosseri, 
2016). Over time, platforms began to experiment with community-led fact-checking, most visibly through 
Community Notes (CN)3 on X (see Figure A1 in Appendix A), formerly Birdwatch (Coleman, 2021). Other 
platforms have since adopted similar models. Meta has moved away from professional fact-checking 
partnerships toward CN in the United States (Kaplan, 2025). Whether this approach will be adopted in 
other regions remains unclear. TikTok introduced its own version of CN, branded as Footnotes, in the 
United States (Presser, 2025). These transitions are often framed as responses to the perceived limitations 
of fact-checking, including scalability challenges, alleged political bias, claims of over-enforcement, and 
declining public trust in fact checkers (Kaplan, 2025; Li et al., 2025). 

CN enables scalable, user-facing detection and correction of misinformation beyond the limits of 
professional fact checkers (Augenstein et al., 2025; Slaughter et al., 2025; Solovev & Pröllochs, 2025). It 
relies on community contributors to add contextual notes to potentially misleading and false content, 
which become visible only when contributors with different rating histories agree that a note is helpful 
(Meta, n.d.; X, 2026). This design builds on the notion of the wisdom of crowds, the idea that ideologically 
diverse groups can deliver neutral, consensus-based judgments at scale (Allen et al., 2021).  

Recent developments indicate that AI will play an increasing role in CN. In June 2025, X announced 
the integration of AI Note Writer into CN (see Figure 2A in Appendix A), through which large language 
models (LLMs) assist in generating or helping to draft notes, while users continue to rate helpfulness (Li 
et al., 2025). TikTok has similarly announced plans to introduce a combination of automated and human 
moderation through its Footnotes (Presser, 2025). Together, these developments signal growing interest 
in using AI to scale crowdsourced verification, with LLMs augmenting information retrieval and 
aggregation. At the same time, their use also raises well-documented challenges, including hallucination 
or lack of domain-specific expertise (Augenstein et al., 2024; Guan et al., 2024; Manakul et al., 2023; Wang 
et al., 2024). 

 
3 Throughout this paper, we use CN to refer to community-based verification systems. 
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As platforms transition toward CN and incorporate AI into these systems, the broader implications for 
the fact-checking ecosystem warrant careful examination. Fact checkers offer a particularly valuable 
perspective. First, their experience with large-scale misinformation leaves them well-positioned to 
evaluate the design and performance of CN. Second, CN are often presented as a remedy for perceived 
shortcomings in professional fact-checking, making it essential to examine how fact checkers themselves 
evaluate CN as an appropriate response. Third, the shift toward CN directly affects fact checkers’ authority 
and future relevance. Fourth, prior work highlights the need for multilayered verification systems that 
combine CN with professional fact-checking (Barbera et al., 2022; Saeed et al., 2022; Vraga, 2025), yet it 
remains largely unclear how fact checkers themselves perceive this and whether they recognize or resist 
the complementary role that is ascribed to them. Finally, as AI becomes more embedded in CN, fact 
checkers’ experience with AI tools puts them in a good position to assess the benefits and risks of AI-
assisted verification. 

Drawing on semi-structured, in-depth interviews with 29 professional fact checkers conducted as part 
of a larger project exploring the use of AI in fact-checking (Bozkurt et al., 2026), this study provides novel 
practitioner insights into CN and the integration of AI into community-based moderation. Participants 
positioned CN as a complementary component within a broader fact-checking ecosystem rather than a 
substitute for professional verification. They emphasized that fact checkers and community contributors 
can each bring distinct, but complementary, strengths: methodological rigor and subject-matter expertise 
on the one hand, and greater scale and reach on the other. Several also described CN as an early signal, 
helping fact checkers identify which claims are gaining traction and may warrant closer scrutiny. These 
approaches should therefore not be treated as binary choices but as mutually reinforcing components. 
This interpretation is also consistent with prior research showing that CN often address more 
straightforward forms of misinformation, such as doctored images or posts lacking context, while fact 
checkers tend to focus on more complex or highly contested claims (Matamoros-Fernández & Jude, 2025; 
Pilarski et al., 2024) and that CN frequently draw on professional fact-checks for complex or hard-to-verify 
claims (Borenstein et al., 2025). Together, these dynamics underscore the need for hybrid models in which 
crowd contributions and expert verification work together. 

On the other hand, participants questioned whether CN could deliver the effectiveness and neutrality 
often attributed to community-based verification. They argued that CN often appear too slowly to 
meaningfully reduce misinformation spread, especially on polarized topics. This suggests that consensus-
based publication may trade off neutrality against timeliness. This interpretation aligns with research 
indicating that CN did not significantly reduce engagement with misleading tweets, potentially because 
notes often appear too late to affect the early and most viral stages of diffusion (Chuai et al., 2024) and 
that consensus-based publication often results in low note visibility for the most contentious claims 
(Arjmandi-Lari et al., 2025; Yasseri & Menczer, 2023). Participants also underscored that the wisdom of 
crowds does not necessarily resolve partisan bias, especially when participation itself is politically 
motivated. Several described flagging practices as driven less by accuracy concerns and more by users’ 
political allegiances. This is supported by research showing that politically motivated users are more likely 
to flag content (Martel et al., 2025) and that partisan asymmetries persist within CN. For example, posts 
by Republican users are flagged as misleading more frequently than those by Democrats (Renault et al., 
2025). Together, these findings raise questions about CN’s capacity to produce neutral and effective 
outcomes. 

Further challenges relate to sustainability and representativeness. Participants questioned whether 
CN can function reliably when participation is concentrated among a relatively small subset of 
contributors and relies on unpaid volunteer labor. Some also noted uneven visibility across geographic 
and linguistic contexts, suggesting that not all users encounter CN in the same way. This indicates that 
CN’s effectiveness depends on who participates and where content is produced and viewed. This aligns 
with research showing that most notes are produced by a small minority of contributors and that many 
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drop out over time, raising questions about both representativeness and reliance on unpaid volunteer 
labor (Arjmandi-Lari et al., 2025; Nudo et al., 2026). It also suggests significant variation in participation 
across regions and languages (Bassett, 2025; Stewart et al., 2025). Finally, participants emphasized that 
these challenges are further exacerbated by the absence of transparent and consistent methodological 
standards comparable to those guiding professional fact-checking. 

With regard to AI Note Writers, participants identified both opportunities and risks. AI has long been 
used to support fact checkers in tasks, such as claim detection, check-worthiness estimation (prioritizing 
claims based on public interest, verifiability, urgency, and potential real-world harm), and the retrieval of 
previously fact-checked claims (Graves, 2018; Hasanain et al., 2024; Majer & Šnajder, 2024; Micallef et al., 
2022; Nakov et al., 2021). Participants saw clear potential for AI to improve speed and scale in CN, 
particularly for tasks such as drafting, summarizing, and identifying existing fact-checks. They also 
highlighted AI’s potential for synthesizing divergent contributions into a balanced overview, ensuring that 
users still receive contextual information rather than no note at all. Evidence from a small-scale 
experiment suggests that such a system was rated as more helpful than the highest-rated existing CN (De 
et al., 2025). On the other hand, participants also raised concerns about factuality, bias, misinterpretation, 
and errors. As a result, many emphasized that AI should play an assistive role and not publish notes 
without human oversight. 

Taken together, these perspectives point toward an important implication: the need for a multi-tiered 
verification model integrating community input, AI assistance, and professional fact-checking. For 
platforms, an important direction is the development of models that combine community input with 
expert oversight, while also deploying AI. While platforms such as X have recently combined AI systems 
with CN (Li et al., 2025), our findings extend prior proposals for more systematic expert involvement 
(Augenstein et al., 2025; Barbera et al., 2022; Pilarski et al., 2024; Saeed et al., 2022; Vraga, 2025) by 
grounding these proposals in empirical evidence from professional fact checkers. Figure 1 synthesizes 
participants’ perspectives and our suggestions into a proposed multi-tiered verification model. In this 
model, detection, contextualization, and in-depth investigation are distributed across community 
contributors, fact checkers, and AI systems. AI performs the initial classification, determines the review 
pathway, and supports drafting; community contributors provide fast contextual notes; and experts 
investigate complex or high-stakes claims. 

Realizing such models also requires investment in participation infrastructures. CN relies on unpaid 
volunteer labor and offers limited incentives or community-building mechanisms compared to 
communities such as Wikipedia (Baytiyeh & Pfaffman, 2010) or Reddit (Moore & Chuang, 2017), which 
use reputation systems to facilitate long-term engagement. Platforms should invest in participation 
infrastructures, including community-building incentives. Fact checkers similarly require support, 
particularly financial support from platforms, to maintain their role in the ecosystem. 
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Figure 1. Proposed multi-tiered verification model. The figure illustrates how AI assistance, community contributors, and 

professional fact checkers could interact across the verification pipeline. In the Detection & Triage stage, users flag posts, and AI 

performs initial classification and determines the review pathway. In the Community-led stage, contributors provide contextual 

notes, supported by AI-assisted drafting and editing. In the Fact checker-led stage, fact checkers investigate complex or high-

stakes claims, assisted by AI tools. Claims may also be escalated from the Community-led stage to the Fact checker-led stage 

when contributors flag them as requiring expert investigation. 

 
For misinformation researchers, our findings highlight the need to design and evaluate hybrid verification 
systems, including task allocation across actors and their performance in accuracy, speed, and credibility. 
Existing check-worthiness systems have largely been developed around professional fact checkers' 
priorities (Hasanain et al., 2024), whereas community-based verification is shaped by user flagging. Two 
directions follow: extending check-worthiness systems to capture community perspectives and building 
on these systems to develop stakes-based routing that allocates posts across community, AI, and expert 
tiers. 

These findings also have implications for educators and civil society organizations. As CN and AI Note 
Writers increasingly shape what citizens encounter when they face misinformation on social media, media 
literacy efforts should focus on helping audiences to interpret these systems, including their strengths, 
limitations, and appropriate use. 
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Evidence 
 
Finding 1: CN is widely viewed as “a good idea that has been badly implemented.” 

 
In response to RQ1, participants identified both the opportunities and the shortcomings they saw in CN. 
Many viewed CN as promising in theory but falling short in practice. As one participant (P26)4 said, “it’s a 
good idea that has been badly implemented.” They emphasized that CN could broaden participation in 
countering misinformation by extending coverage beyond the capacity of fact checkers, particularly for 
content circulating outside mainstream news, such as local issues or emerging claims. Some reported 
monitoring CN to track which topics are gaining traction, explaining that notes sometimes offer niche 
context, background, or early leads that help inform their investigations. They also noted that the use of 
accessible language and short explanations can make complex information easier for audiences to 
understand. 

Participants identified several features that limit the effectiveness of CN. They emphasized a wide 
variation in the quality and visibility of contributions: while some notes align with professional standards 
by providing evidence and citing reliable sources, including fact checkers, the most frequently cited 
sources—X and Wikipedia—are not primary (Kangur et al., 2024). Participants also highlighted the opacity 
of the system, noting that it is unclear who writes notes, who rates them, or what standards apply. Unlike 
IFCN signatories, which operate under standards of non-partisanship, fairness, transparency of sources 
and methodology, and open correction policy (IFCN, 2026b), CN rely on anonymous or pseudonymous 
contributors whose expertise, methods, and motivations are not visible, raising concerns about bias, 
accountability, and transparency. Participants also observed that CN function unevenly across countries; 
for instance, one participant in Southeast Asia (P23) reported rarely encountering CN on X, reflecting 
lower participation and note production in some regions and languages (Bassett, 2025; Stewart et al., 
2025). 

Concerns were also raised about participation dynamics. Participants reported that low thresholds for 
participation, combined with a “loud minority” of users (P15), may allow unqualified or biased users to 
shape what is considered helpful. Participants highlighted that, while consensus requirements aim to 
reduce bias, they often delay publication or prevent notes from appearing at all, especially on polarizing 
topics. They also emphasized issues of contributor retention, due to a reliance on unpaid, unincentivized 
volunteer labor, which they believed leads to declining participation over time. 

Taken together, these findings suggest that while CN has the potential to expand coverage and 
accessibility, current design choices around participation structures, its uneven operation, and the lack of 
clear standards and transparency limit its effectiveness and credibility in practice. 
 
Finding 2: CN complements, not replaces, professional fact-checking. 

 
Further addressing RQ1, drawing on both the strengths and limitations of CN, participants stressed that 
CN should be understood as a complement to, rather than a substitute for, fact checkers. As P19 
explained, given that fact checkers already struggle with “the volume and pace of false information,” “we 
[fact checkers] shouldn’t discount the idea of community-led verification efforts.” At the same time, 
participants emphasized that community systems cannot replace expert verification, particularly for 
complex or contentious claims. As P25 said: 
 

 
4 Participants are referred to throughout the paper using codes (P01–P29) to protect confidentiality. 
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There is a fundamental mistake of thinking that it's a one-in, one-out system, and that community 
notes replace fact checkers. I think that is just terrible thinking. I would love to see a world where 
you have both. I think community notes are really good at a certain level of things, where they 
are not particularly contentious, or it's relatively small things. Community notes, from all the data 
we've seen, are pretty bad when it's a contentious issue, a hard issue. They’re not fast enough for 
a start. They don’t have the expertise needed to answer some of these questions. 

 
Overall, participants emphasized the interdependence of these approaches, viewing CN as a 
supplementary layer rather than as a substitute for professional fact-checking. 
 
Finding 3: AI Note Writers offer speed and scale but raise concerns about factuality. 

 
Addressing RQ2, participants reflected on AI Note Writers and the role they might play in fact-checking 
practices. Many participants emphasized that they already use AI tools in their own work and do not see 
AI as “inherently a bad thing,” but rather as “part of the solution to deal with misinformation at scale.” 
(P26). In their own workflows, participants reported using AI across stages of fact-checking, including 
transcription, summarization, evidence gathering, and detection of previously fact-checked claims 
(Bozkurt et al., 2026). Drawing on this experience, participants saw potential in AI to increase speed and 
scale. They noted that AI could assist with drafting notes, synthesizing input from multiple contributors, 
and producing concise explanations more quickly than contributors, as well as identifying previously fact-
checked claims. 

Despite this openness, participants expressed strong reservations about the use of AI to generate 
notes. One concern expressed by participants was that AI systems developed in one part of the world are 
used across very different contexts on global platforms. For example, P18 explained: 

 
So, I think the problem with social media platforms’ AI is that they only get programmed sort of 
in one part of the world. But the whole world uses the platform. I think there are a lot of questions 
that are misinterpreted or taken out of context because the AI doesn't understand what's being 
asked, and then it scrambles for information and scrambles to find an answer. And I think that's 
where it can become a real problem. 

 
This points to a fundamental limitation: the difficulty in capturing the local political, cultural, social, and 
linguistic contexts in which claims circulate. 

More broadly, participants worried that these systems could show some well-known factuality 
challenges that fact checkers have already encountered in their own work with AI tools, such as fabricated 
sources and citations, biases, and fluent but misleading outputs (Bozkurt et al., 2026). As P19 emphasized: 

 
There might be potential for AI to help with, for example, summarizing info or identifying patterns 
to help fact checkers (and) human reviewers to process the huge volume of information on social 
media. But this approach poses the same risks we’ve already identified with generative AI in 
general, i.e., perpetuating bias; hallucinating; sounding persuasive and confident even when 
inaccurate. 

 
Participants therefore stressed that any use of AI to write or synthesize notes must remain transparent 
and operate under clear human supervision. Reflecting this view, P24 explained: 
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AI alone should not decide what is true or false, as it is not fully capable of fact-checking all 
content. Human review is still necessary to ensure accuracy, fairness, and trust. I think AI can 
assist, but human judgment should guide the final decision. 

 
This view was widely shared: AI is seen as a supportive tool for fact-checking, but its value depends on the 
human oversight that surrounds it. 
 

Finding 4: Fact checkers proposed hybrid models that integrate community participation with professional 

oversight to enhance both the scale and credibility of verification efforts. 

 
Turning to RQ3, participants put forward proposals for models that could help address the challenges 
identified in community-based verification. Many participants articulated a vision for hybrid models that 
integrates fact checkers and CN. As P05 stated, combating misinformation “is not one versus the other. It 
should be one with the other.” This perspective illustrates participants’ framing of fact checkers and CN 
as mutually reinforcing, rather than mutually exclusive. This naturally raises the question of what roles 
these different actors might take on. In these models, CN would contribute speed, reach, and contextual 
detail, while fact checkers supply expertise and methodological rigor. Participants described CN as an 
audience-facing fast context layer, offering concise clarifications and broad coverage for relatively low-
stakes claims. These are claims that are straightforward to verify without expertise (e.g., outdated images 
presented as current or misattributed quotes) or that have already been fact-checked. Professional fact 
checkers would focus on in-depth investigations of complex and high-stakes claims: those which are highly 
contested, require expertise, or have the potential for harm. 

Participants suggested that collaboration could strengthen the information ecosystem, with 
community contributors improving accessibility and scale, and fact checkers ensuring accuracy and 
accountability. Some participants pointed to Wikipedia as an illustrative example, where contributions 
are open to the public but moderated through a structured hierarchy of roles (Ren et al., 2023). These 
findings point toward hybrid verification models that combine the speed and reach of community 
contributions with the expertise of professional fact checkers. 
 

Methods 
 
The study draws on 28 semi-structured interviews with 29 professional fact checkers conducted between 
May and September 2025; one interview included two participants from the same organization. 
Participants came from IFCN signatory fact-checking organizations operating in 41 countries across South 
America, Africa (Western, Middle, Eastern, and Southern), Asia (Western, Central, Southern, 
Southeastern, and Eastern), Europe (Eastern, Northern, and Southern), and North America. Of the 
participants, 17 self-identified as women and 12 as men. Participants hold research, editorial, and 
technical roles and have a range of experience levels, with the majority at early- to mid-career stages. 

We conducted all interviews remotely via Microsoft Teams using a semi-structured interview protocol 
as part of a project on the use of AI (Bozkurt et al., 2026). For this paper, we focused on participants’ views 
on community-based verification systems and on the integration of generative AI into these systems. We 
analyzed the data using reflexive thematic analysis (Braun & Clarke, 2022). We first familiarized ourselves 
with the data by reviewing interview transcripts and cross-checking them against audio recordings. We 
then coded the dataset inductively using NVivo 14. Next, we examined the coded data for patterns and 
grouped related codes into initial themes. We iteratively developed and refined themes until we had a 
coherent interpretive account that adequately captured patterned meaning across the dataset. Finally, 
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we defined the final themes and wrote up the analysis (see Table B1 in Appendix B for an overview of 
themes and the research questions they address). 

Further information about the participant demographics, recruitment, data collection, and limitations 
can be found in Appendix C. 
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Appendix A: Examples of Community Notes and AI Note Writer 
 

 
Figure A1. An example of a Community Note (tweet blurred out to protect privacy). 

 

 
Figure A2. An example of a note proposed by an AI Note Writer (tweet blurred out to protect privacy). 
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Appendix B: Themes 

Table B1. Summary of themes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Theme Description Research Questions 

CN as a promising but 
poorly implemented 
system 

Participants saw Community Notes as a promising 
way to scale contextual information and broaden 
participation in verification, but noted that 
inconsistent quality, opaque governance, and 
uneven participation limit its effectiveness. 

RQ1 

CN as a complement to 
professional fact-
checking 

Participants framed CN as a complement to 
professional fact-checking, providing speed and scale 
for less complex claims, while experts address 
complex or high-stakes misinformation. 

RQ1 

AI Note Writers: Speed 
and scale with factuality 
risks 

Participants saw AI Note Writers as enabling faster 
and more scalable notes but raised concerns about 
factual errors and the need for human review. 

RQ2 

Hybrid verification Participants proposed hybrid verification systems 
that integrate community contributions with 
professional oversight. 

RQ3 
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Appendix C: Participant demographics, data collection, and limitations 
 

Participant demographics 
 

Table C1. Participant demographics. 

Notes: Job titles were grouped into functional categories to reduce identification risk. We assigned role categories based on 

participants’ self-reported job titles. Editorial roles include positions responsible for reporting, verification, writing, editing fact-

checking content. Technical roles include positions focused on tool development, AI integration, and product design. At the same 

time, we recognize that, in practice, responsibilities are not always strictly divided, especially in smaller organizations where 

editorial staff also perform technical tasks. We did not observe different patterns between editorial and technical participants’ 

perspectives. In many organizations, editorial staff also took on responsibilities related to technology. As a result, the distinction 

between editorial and technical roles was not always clear-cut in practice. Regions reflect where participants’ organizations 

operate and are reported instead of countries to preserve anonymity. 

 

ID Gender 
Age 

group 
Highest education 

Fact-checking 

experience 

Role 

category 
Region 

P01 Woman 25–34 Master’s degree 4–6 years Editorial Western Asia 

P02 Man >55 Master’s degree >10 years Editorial Western Europe 

P03 Woman 25–34 Bachelor’s degree <1 year Editorial Eastern Europe 

P04 Woman 25–34 Bachelor’s degree 4–6 years Editorial Western Asia 

P05 Man 35–44 Bachelor’s degree 7–10 years Editorial Southern Asia 

P06 Man 25–34 Bachelor’s degree 7–10 years Technical Southern Europe 

P07 Woman 45–54 Master’s degree 4–6 years Editorial Northern Europe 

P08 Woman 45–54 Bachelor’s degree <1 year Technical South America 

P09 Man 18–24 Bachelor’s degree 1–3 years Technical Western Africa; Middle Africa 

P10 Woman 25–34 Bachelor’s degree 1–3 years Editorial Western Asia 

P11 Woman 25–34 Bachelor’s degree 7–10 years Editorial Southeastern Asia 

P12 Man 25–34 Master’s degree 7–10 years Editorial South America 

P13 Woman 35–44 Master’s degree 7–10 years Editorial Eastern Europe 

P14 Woman 35–44 
Postgraduate 

diploma 
7–10 years Editorial Southern Asia; Southeastern Asia 

P15 Man 25–34 Master’s degree 7–10 years Editorial Western Africa 

P16 Woman 35–44 Master’s degree 1–3 years Editorial South America 

P17 Woman 45–54 Bachelor’s degree 4–6 years Editorial North America 

P18 Woman 25–34 Master’s degree 4–6 years Editorial 
Western Africa; Eastern Africa; Southern 

Africa 

P19 Woman 25–34 Master’s degree 4–6 years Editorial 
Western Africa; Eastern Africa; Southern 

Africa 

P20 Woman 35–44 Bachelor’s degree 4–6 years Editorial Eastern Asia 

P21 Woman 25–34 Master’s degree 4–6 years Editorial Eastern Asia 

P22 Man 25–34 Master’s degree 1–3 years Editorial Central Asia; Eastern Asia 

P23 Woman 35–44 Master’s degree 1–3 years Editorial Southeastern Asia 

P24 Man 25–34 Master’s degree 4–6 years Editorial Southern Asia 

P25 Man 45–54 Bachelor’s degree 4–6 years Technical Northern Europe 

P26 Man 35–44 Master’s degree 4–6 years Technical South America 

P27 Woman 35–44 Master’s degree 1–3 years Editorial Southern Asia 

P28 Man 35–44 Doctorate degree 1–3 years Editorial Southern Europe 

P29 Man >55 Master’s degree >10 years Editorial North America 
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Participant recruitment 

  
We recruited participants by using purposive sampling, snowball sampling, and outreach through 
professional mailing lists (Patton, 2015). As part of a broader project on AI in fact-checking, we purposively 
identified organizations by reviewing grant funding records (e.g., IFCN, 2025a; JournalismAI, 2024) and 
conference programs such as Global Fact (IFCN, 2025b), as well as previous research and reports on AI in 
fact-checking (Full Fact, 2020). We contacted fact checkers by email and via LinkedIn. At the end of each 
interview, we asked participants to suggest additional potential participants, expanding the sample 
through snowball sampling. To broaden recruitment, we also used professional networks (EFCSN, 2026; 
Hacks/Hackers, 2025; Poynter, 2026) and distributed interview invites through their mailing lists. 
 

Data collection 

 

To be eligible for participation, individuals had to be at least 18 years old, employed by an IFCN signatory 
organization, and report using generative AI tools in their professional work. IFCN signatory status was 
used as a criterion because it indicates adherence to established norms of transparency, methodological 
rigor, and non-partisanship, and was more likely to represent well-established active organizations that 
conduct fact-checking as a core activity rather than an occasional project (Graves & Mantzarlis, 2020). 
Eligible respondents who completed the registration form were contacted to arrange an interview. 
Interviews followed a semi-structured format guided by a set of questions on fact-checking processes, the 
use of generative AI, AI-generated misinformation, and Community Notes. While the broader interview 
protocol covered these topics, the analysis presented in this paper focuses on participants’ perspectives 
on two key questions: “What’s your view on community-led models like Community Notes?” and “It looks 
like LLMs will soon be integrated into Community Notes on X. What do you think about using generative 
AI in this context?” 

All interviews were conducted remotely using Microsoft Teams and generally lasted approximately 
one hour. With participants’ oral consent, interviews were recorded and automatically transcribed using 
Microsoft Teams’ transcription feature. Participants were offered a £35 digital gift card in recognition of 
their participation. Three participants donated the amount to the IFCN, and three donated it to a fact-
checking organization of their choice. 
 
Limitations 
 

This study has several limitations that should be considered. First, we only conducted interviews in English, 
which may have discouraged participation from some fact-checking organizations and influenced the ways 
in which participants expressed their views. Second, as part of a broader project on generative AI in fact-
checking, most participants had prior experience of using AI in their work. While this enabled informed 
reflections on both the opportunities and challenges associated with AI Note Writers, the findings may 
not fully reflect the perspectives of fact checkers without direct AI experience and may overemphasize 
concerns and advantages specific to more AI-experienced practitioners. Finally, focusing on IFCN signatory 
organizations may not fully capture practices across the broader fact-checking community. 
 


