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ABSTRACT

Generative Al appears poised to transform white collar professions,
with more than 90% of Fortune 500 companies using OpenAI’s
flagship GPT models, which have been characterized as “general
purpose technologies” capable of effecting epochal changes in the
economy. But how will such technologies impact organizations
whose job is to verify and report factual information, and to en-
sure the health of the information ecosystem? To investigate this
question, we conducted 30 interviews with N=38 participants work-
ing at 29 fact-checking organizations across six continents, asking
about how they use generative Al and the opportunities and chal-
lenges they see in the technology. We found that uses of generative
Al envisioned by fact-checkers differ based on organizational in-
frastructure, with applications for quality assurance in Editing,
for trend analysis in Investigation, and for information literacy in
Advocacy. We used the TOE framework to describe participant
concerns ranging from the Technological (lack of transparency),
to the Organizational (resource constraints), to the Environmental
(uncertain and evolving policy). Building on the insights of our
participants, we describe value tensions between fact-checking
and generative Al, and propose a novel Verification dimension to
the design space of generative models for information verification
work. Finally, we outline an agenda for fairness, accountability, and
transparency research to support the responsible use of generative
Al in fact-checking. Throughout, we highlight the importance of
human infrastructure and labor in producing verified information
in collaboration with AL We expect that this work will inform not
only the scientific literature on fact-checking, but also contribute
to understanding of organizational adaptation to a powerful but
unreliable new technology.
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1 INTRODUCTION

A research report issued by OpenAl in March 2023 [25], days after
the release of its flagship GPT-4 model, contended that generative
pretrained transformers (GPTs) are general purpose technologies,
technologies with the potential to reshape not an individual profes-
sion but an entire economy. Unlike many previous general purpose
technologies, the authors asserted that generative Al will impact
primarily professions with a higher barrier to entry, those requiring
more education and experience to carry out. Among the professions
estimated by an OpenAl model as “fully exposed” to transforma-
tion by generative Al, defined as reducing by at least 50% the time
needed to complete the tasks of an occupation, was “News Analysts,
Reporters, and Journalists” [25]. Yet these professions have outsized
epistemic effects on society [24], as they remain the primary means
for producing knowledge claims and for critically assessing sources
and information [23], thus ensuring the integrity of the online
information space. If generative Al is to reshape such roles, under-
standing how it might do so — and where to draw the boundaries
- is crucial to ensure the health of the information ecosystem.

In this work, we study the impact of generative Al in fact-
checking, a profession that specializes in determining the reliability
of information disseminated through traditional and social media,
undertaken at publishing houses and independent organizations
around the world. Fact-checking is a complex sociotechnical pro-
cess, involving human judgment exercised in conjunction with
Al-based tools to observe misinforming claims and narratives as
they spread [37]. While most fact-checking organizations necessar-
ily embrace technological tools, they are skeptical of technologies
that promise to automate large parts of the fact-checking process,
and deprioritize or displace human expertise [41]. Understanding
perspectives of key stakeholders at fact-checking organizations is
thus important to facilitate adoption of a technology that could
help respond efficiently to misinformation, while prioritizing the
role of human expertise. We address two research questions:

(1) RQ1: Opportunities of Generative Al in Fact-Checking:
What opportunities do fact-checking organizations see in gen-
erative AI? How are organizations presently using generative
Al, and how do they envision using it?

(2) RQ2: Challenges and Limitations of Generative Al in
Fact-Checking: What challenges do fact-checkers see in using
generative Al to support their work? What prevents them from
further incorporating generative models?
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Figure 1: Incorporating a society-altering technology like generative Al into sociotechnical fact-checking work requires “intangible” investments [9] (new
processes and skills) to realize its potential without deprioritizing the values of fact-checking or displacing the role of human experts.

To address these questions, we interviewed N=38 participants at
29 fact-checking organizations in a range of roles, from investiga-
tion, to management, to engineering. We captured diverse, global
perspectives from participants located across 19 countries and six
continents. Interviews provided detailed accounts of where fact-
checkers envisioned using generative Al and concrete examples of
applications in use or in development. Participants also shared barri-
ers to adopting generative Al ranging from technical limitations to
value misalignments. Figure 1 draws on organizational research [9]
to illustrate the investment to overcome these challenges and realize
the benefits envisioned by participants. We make four contributions:

e Enumerating Opportunities and Limitations of Genera-
tive Al in Fact-Checking: We describe the opportunities for
generative Al in five fact-checking infrastructures (Editing, In-
vestigation, Audience Management, Technology, and Advocacy),
and adopt the Technology-Organization-Environment frame-
work [62] to describe challenges.

e Designing for Verification: We propose a novel dimension in
the design space for generative models that centers Verification,
or ensuring the veracity of content. We describe this dimen-
sion with a 2x2 matrix, with the Producer of content on the X
axis, and its Verifier on the Y axis, and discuss its use beyond
fact-checking in high stakes domains.

e Mapping Value Tensions: Using the principles of the Inter-
national Fact Checking Network (IFCN) [60] as a basis for the
sociotechnical values of fact-checking, we describe value ten-
sions between fact-checking, which centers transparency and
reliability, and generative Al, a technology exhibiting unpre-
dictable and often unreliable behavior.

Defining a Research Agenda: We propose nine directions for

fairness, accountability, and transparency researchers to develop

technologies, designs, and approaches supporting responsible
use of generative Al in fact-checking.

2 RELATED WORK

Sociotechnical Infrastructures of Fact-Checking. “Fact-checking”
refers to the investigation of potentially misinforming claims and
narratives that may adversely impact individuals and society [34,
36]. Fact-checking is primarily a “socio-technical” task [70, 90],
wherein technology is useful and meaningful only in the context of
its relationship to the humans who interact with it [81, 92]. While
fact-checkers necessarily employ data-driven technologies [22, 37],

and envision further uses of technologies to, for example, mini-
mize the amount of harmful content to which they are exposed
[41], human judgment is also crucial to the fact-checking process
[35], and fact-checkers are skeptical of technologies that promise
to fully automate parts of fact-checking work [41]. Prior work has
sought to clarify the communities [7] and sociotechnical infras-
tructure undergirding the processes of fact-checking. Juneja and
Mitra [41] describes fact-checking organizations as composed of
“human and algorithmic infrastructures” fulfilling distinct roles in
fact-checking, such as editing and investigation. We draw on these
roles when unpacking the opportunities presented by generative
Al in fact-checking.

Organizational Change. Eloundou et al. [25] contend that gen-
erative Al is a “general purpose technology” that will reshape so-
ciety and the economy, with impacts greater for professions re-
quiring high levels of education. Brynjolfsson et al. [9] describes
general purpose technologies as necessitating intangible “com-
plementary investments” to realize their potential, such as “co-
invention of new processes, products, business models and human
capital,” suggesting the sociotechnical nature of technology adop-
tion. Prasad Agrawal [62] describe generative Al's adoption using
the Technology - Organization - Environment (TOE) framework,
noting the impact of factors like regulation and organization size.
In a now foundational text, Fichman and Kemerer [30] note that the
widespread acquisition of a technology by organizations may not
result in its widespread deployment, especially where “knowledge
barriers” mitigate effective use. We borrow concepts from the TOE
framework to tease apart the challenges faced by fact-checkers in
adoption of this new technology.

Generative Al Generative Al technologies such as ChatGPT [55]
and its predecessors [8, 68, 69] can ingest human input in natural
language [56] and, depending on their architecture and training
objective, produce palatable text [40, 85, 86], images [71, 72, 76],
video [77, 88], and source code [14, 89]. Such technologies both pose
difficulties for fact-checkers, who must contend with higher quality
misinformation produced more easily [39, 42, 91], but also oppor-
tunities for novel technologies in their work [19, 75]. Recent work
highlights difficulties with generative Al for journalism and fact-
checking, including low audience trust in Al-generated content [46]
and biases in the dissemination of Al-assisted fact-checks [53]. Re-
searchers in HCI have mapped the design space [10] of generative Al
[51], describing interactions possible with users and ways to use it in
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domains like scientific research [50] and creative writing [12]. Build-
ing on participatory design [5, 79], recent work develops “participa-
tory AL’ wherein human subjects envision new Al-driven designs
with researchers [3, 20, 66]. For fact-checking, Das et al. [19] con-
duct a review of human-centered NLP and develop a confusion ma-
trix for calibrating trust in human-AI collaborations. We extend this
line of work by proposing a socio-technical verification dimension.
Values in Al and Fact-Checking. Scholars have found that AI
and machine learning research is not “value neutral” but priori-
tizes values like performance and generalization, while neglecting
considerations like “negative potential” [4]. Bender et al. [2] con-
tend that training models on poorly specified textual data poses
numerous ethical risks for downstream use. Fact-checkers adhere
to rigorous ethical codes [57], such as those set forth by coalitions
like the 172-member (as of this writing) International Fact Checking
Network (IFCN) [60], which publishes a code of principles to which
its signatories commit [61]. We use the published principles of the
IFCN, an organization formed to promote common standards in
fact-checking [41], to explore value tensions between generative
AT and fact-checking.

3 METHODS

3.1 Participant Recruitment

We conducted an interview study with N=38 employees of fact-
checking organizations or teams in publication houses, with ex-
perience in their current role ranging from 1 year to 18 years. As
shown in Table 1, we recruited from a total of 29 fact-checking
organizations using purposive sampling and snowball sampling
[26, 52], first reaching out to potential participants by sending an
email advertising the study to the listserv of the IFCN. This resulted
in three interviews with six participants working at three orga-
nizations. The Community Manager of the IFCN then provided
us with contact information for six potential participants for our
study, to whom we reached out. This resulted in three interviews
with three participants at three organizations. We next utilized
a list of 23 fact-checkers known to one of the authors, who has
maintained a long-term relationship with the global fact-checking
community. This resulted in five interviews with six participants at
five organizations. Finally, we sent cold emails to 60 IFCN signatory
organizations, explaining our interest in an interview and how we
found their contact information. We recruited in this way not only
to increase the number of participants in the study, but also to
increase the study’s global reach, as we emailed primarily organi-
zations in developing countries and the global south. This strategy
resulted in 14 interviews with 18 participants at 14 organizations
across five continents. We employed snowball sampling when par-
ticipants offered to connect us with a participant well-suited to the
study, and reached out via email. This resulted in five interviews
with five individuals working at five organizations.

3.2 Interview Protocol

We created a semi-structured interview protocol that posed general
questions regarding the use and impact of generative Al in fact-
checking. We began interviews by asking participants to tell us
about their background, including their position, experience in fact-
checking, and familiarity with generative Al. We asked about their
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company’s background, including the size and technical experience
of the fact-checking team, and how long the company had been per-
forming fact-checking work. We then explicitly posed the primary
research questions of our study, asking participants to characterize
1) how they used generative Al in their work; 2) opportunities for us-
ing generative Al in fact-checking; 3) challenges and limitations of
using generative Al in fact-checking; and 4) how researchers could
design generative technologies that better support fact-checkers.
We asked participants to clarify, discuss, and expand upon responses
to better understand their perspectives. We also asked follow up
questions where appropriate about several specific topics, including
the use of corporate vs. open source Al; modalities (text, image,
etc.) of misinformation they use generative Al to handle; use of gen-
erative Al to handle narratives; guidelines for using generative Al
in their organization; and impacts the participant witnessed gener-
ative Al having. We submitted the interview protocol as part of the
supporting materials to our University’s Institutional Review Board.

3.3 Interview Process

We conducted 30 interviews between October 2023 and January
2024. Multiple participants attended seven interviews, with one par-
ticipant typically a manager, and the other(s) involved in technology
or investigation. In one case, we interviewed two managers who
passed follow-up questions to the engineering team, forwarding
their responses to us by email. Interviews lasted 30 to 90 minutes,
averaging approximately 45 minutes. Interviews were conducted
solely in English. We accommodated the request of one participant
to send answers by email because they preferred writing over speak-
ing in English. The participant then also met with the first author
for 20 minutes. Participants who used generative Al sometimes
shared their screen and displayed the interfaces used with these
technologies. One participant shared a Jupyter notebook showing
their use of Al in a data science pipeline. Other participants linked
us to Github pages or company technical reports. We did not offer
to compensate participants to prevent feelings of coercion.

3.4 Data Analysis

After transcribing the interviews, we deductively coded them ac-
cording to four categories tied closely to the research questions:
Present Use of Generative Al in Fact-Checking; Opportunities to
Use Generative Al in Fact-Checking; Challenges and Limitations to
Using Generative Al in Fact-Checking; and Ways Computational
Research in Fairness and Transparency Can Support Fact-Checking.
We then conducted inductive coding within each deductive cate-
gory.

The authors first coded four interview transcripts, after which
the first author created a codebook that included inductively derived
codes organized within the deductive categories. The codebook con-
sisted of the names of codes, explanations of the codes, and the
associated participant quotes. The first author shared the codebook,
and the last author offered feedback and suggestions, after which
the authors met to discuss the codes and revised or removed codes
on which they could not reach agreement. The authors then coded
four additional transcripts at a time, updating the codebook after
each round with more precise definitions and additional context
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‘ Continents (6) | Countries (19)

Fact-checking Organizations (29) ‘

n
W

Australian Associated Press [64], Agence France-Presse [65], Africa
Check [13], Aos Fatos [28], Chequeado [15], Code for Africa [31],
ColombiaCheck [17], Der Spiegel [78], Factly [27], India Today [84],
Infoveritas [38], Lead Stories [80], Litmus [44], logically.ai [45],
Maldita.es [47], Meedan [48], MindaNews [49], Newtral [54], Pagella
Politica [58], PolitiFact [59], Pravda [63], Rappler [73], RMIT FactLab
CrossCheck [18], Science Feedback [29], Taiwan FactCheck Center
[11], Tech4Peace [82], The Quint [67], Thomson Reuters [74],
Univision El Detector [21]

Table 1: Participants were recruited from 6 continents, 19 countries, and 29 fact-checking organizations.

from participant quotes. Next, the authors followed a thematic anal-
ysis process [6, 16] to generate themes that described the findings
and addressed the research questions. Specifically, the authors re-
viewed the codes and their associated participant quotes, drafted
memos describing proposed themes, met to discuss the proposed
themes, and converged on a set of final themes on which agree-
ment could be reached. These themes form the basis of the Findings
section.

4 FINDINGS: OPPORTUNITIES AND
CHALLENGES OF GENERATIVE AI IN
FACT-CHECKING

4.1 RQ1: Opportunities of Generative Al

We found during thematic analysis that the technologies used and
envisioned by fact-checking organizations depend largely on the
organizational infrastructures into which they would be integrated.
These infrastructures accorded to a large degree with the work of
Juneja and Mitra [41], which described the sociotechnical work
of editors; fact-checkers; social media managers; and long-term
advocators. Drawing on these roles, we organize our findings ac-
cording to the following divisions of organizational infrastructure,
as shown in Fig. 2: Editing, Investigation, Audience Management,
Advocacy, and Technology, the last of which is new to our work but
necessary to describe the impact of generative Al on the work of
software developers and data scientists who build and maintain the
data science pipelines employed by fact-checking organizations.

When describing a technology, we also identify its status accord-
ing to three levels of maturity, denoted using icons:

« P In Use: Technologies presently in use by participants,
denoted with a rightward arrow to evoke a “Play” symbol.
& In Progress: Technologies undergoing prototyping, test-
ing, betas, or development by our participants, denoted with
an hourglass symbol to communicate that some time remains
before these technologies will be implemented.

« 60 Envisioned: Technologies envisioned but not imple-
mented or prototyped by our participants, denoted with eye-
glasses to communicate that these technologies are further
away and not yet in development.

Where fact-checking organizations reported achieving differing
levels of maturity for a technology, we describe the most mature,
and make note if this level of maturity has not been achieved by
most other fact-checking organizations.

4.1.1 Editing. Editing ensures fact-checking content is engaging,
approachable, and error-free, and spans from the beginning of a fact-
check to publication, as editors are often involved in deciding which
claims are worthy of a fact-check [41]. Participants in our study who
were involved in Editing usually reported managing small teams.
Many participants described using generative Al to refine and
restructure fact-checks and internal reports, which then undergo
human review. P3 reported using “premium” ChatGPT for J» Con-
tent Formatting - to edit and refine written reports, and to re-
structure “dense content” into an approachable format for readers.
P18 noted using ChatGPT to help in “brushing up text” Several
participants described in-development applications of generative
Al for systematic X Quality Assurance, to prevent cosmetic and
substantive editorial errors. P35 reported using ChatGPT to high-
light grammatical and factual errors, tasks for which they normally
use Grammarly [33]. P27 developed an app to address such errors:

We began with simple mistakes, geographical errors, or mis-
spellings [...] I made a little Shiny app out of [ChatGPT] and
showed it around, and people were really like [...] I can really
see how this helps us. [...] And my aim is that we don’t have
these kind of simple mistakes anymore [...] this would be a
huge achievement because simple mistakes are trivial on the
one hand, but on the other hand [...] it’s really important for
the sense of quality the reader has and for trust.

P3 expanded on this view and envisioned generative Al providing
X Adversarial Analysis before publishing a fact-check, referenc-
ing a strategy in development at a Sudanese newsroom: “They use
generative Al to actually give it an article that has been written, and
ask the model to actually tell us whether there are any assumptions
that have been met, that are inaccurate or incorrect.” Finally, P8
envisioned fine-tuning a generative model on verified fact-checking
articles, and using it for 68 Content Generation at the beginning
of the composition process, improving “fact-checking output [by]
pre-writing those fact-check articles,” provided that the content
did not require deep scientific knowledge of a topic, and remained
subject to human review. While some participants envisioned using
generative Al for content generation, many expressed deep discom-
fort with generative Al writing fact-checks, a finding explored in
sections 4.2.1 and 5.1.2.

4.1.2 Investigation. Investigation refers to the process of assess-
ing the accuracy of potentially misinforming claims, and involves
monitoring online sources for misinforming content; gathering
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Figure 2: A description of In Use, In Progress, and Envisioned generative technologies grouped according to five fact-checking infrastructures.

verified sources to substantiate or refute claims; and writing a fact-
check or internal report [41]. 19 of our 38 participants described
working primarily in Investigation.

Participants described many ongoing and envisioned uses of
generative Al to perform tasks related to investigation and research
assistance. As P25 noted, generative Al is used in common and
“taken-for-granted” tasks like > Transcription, which save time
and money for fact-checkers. P20 highlighted the use of generative
Al for PP Translation of internet content in need of investigation,
such as “many translations from Ukraine” due to misinformation
related to the Russia-Ukraine war. Participants also described adopt-
ing generative Al to directly support investigations. P11 noted that,
while they never use ChatGPT for writing fact-checks, they use
it for P> Lead Generation, “trying to generate ideas for stories.”
P28 used ChatGPT for p» Document Synthesis, to save time by
organizing research notes and summarizing text from web pages.
P19 used GPT-4 for P Image Analysis, substituting the model for
reverse image search in some cases, noting they can “ask it where
the photo was taken, and sometimes we [get the] correct answer,”
or useful hints for continuing the search. P25 fine-tuned GPT-3.5-
Turbo to perform P> Assisted Search, generating custom Google
search queries, often in a language not spoken by the fact-checker,
noting that such a task would “take me hours to do and I still might
miss some of the terms.” P14 reported using ChatGPT for P> Trend
Analysis, to keep abreast of media produced by websites known
to produce misinforming content: “We take the top 200 headlines
from the last 24 hours from those sites [...] and run them through
ChatGPT, asking it to summarize the main narratives [...] and ex-
tract the names of people, places, entities [...] and then send that to
me by email. So every six hours, [...] we get an email”

Participants envisioned technologies to increase their expertise
and verify novel content. P29 noted fact-checkers need to “become
a little mini expert in a certain specific topic,” and envisioned a

technology for 68 Domain Research, summarizing and collating
literature for review. P24 envisioned using generative Al for 69
Synthetic Content Detection, identifying content produced by Al
P24 described this as their “holy grail” given recent increases in syn-
thetic content and the difficulty of fact-checking it. P29 envisioned
a tool for 69 Origin Identification, scanning the internet for the
first occurrence of content, bringing fact-checkers “closer to the
verification.” Finally, P26 envisioned a 69 Retrieval-Augmented
Fact-Checking system that could “retrieve data in almost real time,
to consult with databases”

4.1.3 Audience Management. Audience management refers to
processes supporting the publication and wide dissemination of
fact-checking content. Audience managers increase engagement by
employing SEO optimization, online advertising, and conversion
of written content to short videos [41]. Our interviews revealed
that audience management involves connecting with consumers of
fact-checks over many channels, of which social media is one.
Participants used generative Al to both connect with existing
audiences and reach new audiences. P33 used generative Al for
P> Metadata Generation to support social media content, includ-
ing “summaries, SEO for article publishing, title generation.” P14
used generative text-to-speech models for > Format Conver-
sion, taking fact-checks and converting them into audio for short
videos posted to “Tiktok, Instagram, YouTube shorts,” noting that Al
helps achieve the right volume for disseminating content via video
sharing algorithms. P31 described working on Al-based X Story
Translation of their fact-checked content into multiple languages,
a goal echoed by P14, who envisioned translating their short videos.
Participants also described efforts to connect immediately with
audiences, before misinformation could go viral. P32 described a
beta of a fact-checking chatbot in a  Conversational Tipline
using OpenAI’s GPT-4, from which they collect circulating misin-
formation from users and instantaneously deliver information to
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audiences who use more private platforms like WhatsApp, rather
than Facebook and X. Other participants, including P1 and P17, de-
scribed in-progress chat-based tiplines via which users can submit
suspected misinformation. P13 described an in-progress tool for §
Live Fact-Checking that “can do claim matching while a person
is speaking,” allowing for claims to be debunked in real time.
Participants envisioned tools for automatic web content gener-
ation and predictive analysis of audience engagement. P28 envi-
sioned automatic 68 Web Page Generation that could produce
fact-checks “based on social media posts that are verified [...] and
then just code the iFrames for us to be able to embed it in our
own content,” saving programming labor. Finally, P12 envisioned
a system for 68 Audience Analysis, providing insight into how
audiences would consume a factcheck, and recommending it be
presented as a video, an infographic, or a short or long-form article.

4.1.4 Technology. Technology refers to work building and main-
taining data science pipelines used by fact-checking organizations.
While not all organizations have a Technology unit, many uses
of generative Al would be invisible without specific reference to
the work of software engineers and data scientists employed by
fact-checkers and their partners.

Participants described in-progress generative technologies to
improve the core functionality and end user experience of fact-
checking data science pipelines. P2 used generative Al for p» Data
Preprocessing, to “get a rewriting or a restatement of the claim
that’s a bit cleaner” than unprocessed social media content or tipline
messages. P8 noted that generative models improve on J» Core NLP
Tasks over finetuned BERT models - “the previous generation” of
NLP - including for claim content matching. J» Data Summariza-
tion for human end users was another predominant use reported
by our participants. For example, P2 described using generative Al
to provide a human-readable summary of clusters of misinforming
content, describing “the variety of content” and “how it’s changing
over time.” P25 tested the capability of Google’s generative models
for natively X Handling Multimodal Misinformation, wherein
the relationship between text and image must be parsed to under-
stand subtle misinformation or hate speech. P2 described ongoing
experiments for ® Addressing Data Scarcity, noting that they
would “generate pseudo labeled data” where real, “gold standard”
data for novel misinformation did not exist, and either “use those
labels directly or use them to train a lower cost classifier” Finally,
P16 envisioned a generative model for 69 Detecting Coordinated
Inauthentic Behavior and influence operations, noting Al might
“do more meaningful work on [detecting] coordinated networks,
behavior”

4.1.5 Advocacy. Advocacy refers to long-term processes to influ-
ence information policy, forge connections between fact-checking
organizations, and engage with the public via misinformation liter-
acy campaigns [41]. Participants performing advocacy work were
often senior managers who also managed teams of investigators.
Participants suggested generative Al could encourage informa-
tion literacy, promote relationships between organizations, and
improve access to information. P8 envisioned generative Al helping
in 69 Connecting Fact-Checking Organizations, by standard-
izing the methods and technologies to combat misinformation in
Europe, noting that recent models handle most European languages
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well. P12 envisioned generative Al scaling fact-check operations by
connecting organizations across Africa: “I think that’s one area in
which generative Al can really help. If fact-checkers are working
together [...] they can help scale the impact of their fact check to dif-
ferent segmented audiences that they serve [...], whether it’s local
language, whatever format” P21 envisioned generative Al for 69
Promoting Information Literacy: “people will have the option
to kind of play games with the chatbot that are intended for media
literacy on misinformation.” Finally, P30 envisioned generative Al
60 Changing the Tenor of Fact-Checking, shifting the way
audiences consume fact-checking content:

Changing the way users can consume reliable and good
information could be incredibly beneficial for fact-checkers
[...] If [...] they need and get good information [...] with
a chatbot, for example, or with other ways, that would be
fantastic. [...] people value us as we are because we give them
reliable information and they know they can trust us, but if
they also knew that they can consume [that] information in
any way they wanted to, I think it would be an incredible
leap forward.

4.2 RQ2: Challenges and Limitations

We found during thematic analysis that, unlike RQ1, challenges did
not break down based on organizational infrastructure. Rather, par-
ticipants described challenges related to using the technology itself;
to incorporating it in an organization; and to factors that affected so-
ciety as a whole, and were often out of their organization’s control.
As illustrated in Fig. 3, the Technology-Organization-Environment
(TOE) framework [62] offers a ready model for these findings, and
we use it to describe participant challenges as follows: & Techno-
logical Challenges that impact the user of a system, such as the
manual labor of verifying generative model outputs, denoted with
an icon of a person (note that Technological challenges are in fact
sociotechnical, involving human interaction with technology [90]);
‘&% Organizational Challenges that impact an organization in
the aggregate, such as reputational risks incurred by using systems
that hallucinate, denoted with an icon of multiple people; and &
Environmental Challenges that impact not only an organiza-
tion but an entire society, such as the scarcity of skilled workers,
denoted with a globe icon.

4.2.1 & Technological Challenges. Participants described bar-
riers related to model usability; the labor of verifying model output;
and the conflict in using a hard-to-explain technology in a process
requiring absolute transparency.

& Usability: Participants noted a lack of clarity concerning prompt
engineering and hyperparameter tuning. P27 described an iterative
process of choosing prompts for OpenAl models that resulted in
uncertainty: “We prompted and we coded a bit and we thought, oh,
this prompting technique, and combining this prompt with that one
and iterating it, and then majority rule. And we [...] thought, okay,
is this really the way that this should be used?” P2, who develops
Al for fact-checking, noted that generative Al is “incredibly sensi-
tive” to prompts, and “I'm sure we don’t have the best approach”
to prompt design. P8 noted the verbosity of ChatGPT reduced its
usefulness for fact-checking content, which is “laser-focused” P14
noted that OpenAI models used for summarization randomly enter
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Figure 3: A description of the Technological, Organizational, and Environmental challenges to generative Al in fact-checking

“loops” of repeating one word. P25 tweaked settings like tempera-
ture to improve reliability, but the effects were hard to see in model
output. Finally, P13 expressed frustration over failures of image
models like DALL-E to render text in images, limiting their use in
creating visual content for stories.

& Labor of Output Verification: Every participant described
human review of Al-generated content as non-negotiable for en-
suring the quality of published fact-checking content. Participants
described some uses of generative Al as currently untenable due to
the verification labor required. P11 summed up participants’ opin-
ions: “Of course it’s not as accurate. The tools are not as accurate.
You still need to corroborate the information that you get” P25
noted that while it is “tempting to use [generative Al] for speeding
up your work,” its unreliability means fact-checkers must “see [if]
this is correct, what is the source?” P36 noted that, even if Chat-
GPT provides a lead or answers a question, “it’s just as quick for
us to go and find it [...] we’re just so used to that lateral sort of
work. And to be honest [...] we’d be going and double checking all
that anyway.” P14 noted that, like the internet before it, generative
Al re-organized the efforts of fact-checkers to fit the technology,
noting “we had to train them” on writing styles that led to better
outcomes with generative AL

& Process Transparency: Participants described generative Al
as a potential impediment to the transparency needed to create
trustworthy content. P29 noted, “Our sourcing is [...] always ac-
tually quite transparent. [...] we fill our story with hyperlinking
to our sources and [...] how we got to everything” P8 noted that
hallucinations prevented them from using ChatGPT: “The result
was largely unusable [...] The sources have to be very well inte-
grated [...] it just doesn’t work. Sounds very good, [but] there will
be hallucinations, it will just make up sources.” P12 said explaining
research that uses generative Al is hard because “as fact-checkers,
we actually do not understand the processes” of the models. Finally,
P35 noted that generative AI may engender questions about bias
concerning selection of experts: “Have [models] weighed whether
[...] there are uncertainties about them, have they been disgraced
for some reason? [...] humans have biases as well, but I think in
factcheck [...] there’s always many, many different sets of eyes on
our checks and the experts we use.”

4.2.2 &% Organizational Challenges. Participants described or-
ganizational barriers including reputational risks in unpredictable

technology; resource constraints preventing investment; and con-
cerns over data provenance and ownership.

‘&% Reputational Risks: The most common organizational barrier
participants identified was the reputational risk of a mistake in
a fact-check. P16 said “just by default we need to be much more
cautious than almost anyone else, because it’s hard for us to come
back from a big mistake” P8 and P26 both noted that 90% accuracy
is insufficient for fact-checkers, whose relationship with audiences
depends on offering information verified by experts. P2 noted that
sharing generative technologies with partner organizations also
shares risk, prompting further caution: “It’s their organization’s
reputation that’s at risk, not ours only.” P18 said they would not trust
generative models when there is only one correct answer. Finally,
P2 noted that academic evaluations of generative Al are unreliable,
as fact-checkers handle novel information: “In an academic context,
it’s always retrospective. [...] you put that into the Bing API or
Google and you find lots of relevant content that can help refute
that claim. But when it first appeared [...] I don’t think that was the
case”

‘&t Resource Constraints: Participants said that most fact-checking
organizations lack the financial resources to invest in generative
Al P3 noted that donor funding informs the building of new tech-
nologies: “We rely on donor funding a lot, and donor funding is to
address a specific use case. So if there’s not enough resources here
marked for building a machine learning model, then, we just do
that out of pocket or partner with other organizations. So that has
been a main limitation for us.” P27 notes that, even at their well-
resourced organization, “we don’t have really this Al development
department” and that colleagues in low-resource organizations only
develop AI tools with universities. P13 said that their organization
cannot afford tools developed by better-resourced fact-checkers:
“[1] met the team of <Organization> at the last IFCN conference,
and they told me it’s going to be a huge sum to get that subscription
[...] a small company with seven people, [we] might not be able to
afford that” P21 noted resource constraints facing organizations in
the global south:

We’re in the global south, so sometimes the resources are not
the same, either to use generative Al [...] for investigating
or creating our own tools. For example, some colleagues
in Spain have a chatbot [...] and right now we’re trying
to find resources to buy the chatbot, the basic form of the
chatbot [...] it’s more like an economic problem and it’s not
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Figure 4: Designing for verification: A sociotechnical verification space for the production and verification of content.

exclusive for [us], but probably more small fact-checking
organizations in different global south countries.

‘& Data Governance: Participants expressed concerns about the
privacy of their data and the provenance of Al training data. P27
noted using open source models when possible, as they “have very
sensitive material [...] investigative reporting and investigative
stories, and we don’t want this to be used in models and as train-
ing material” P27 appreciated the “legal safety” of European data
protection laws, recalling a conversation with a fact-checker who
highlighted the importance of trust between organizations: “I really
would like to work with all these Google tools, but still, it’s Google
and I'm kind of hesitating. I wish the New York Times would’ve de-
veloped it. Then it would be very easy for me to trust it” P31 noted
many organizations questioned if they should be compensated for
the labor of producing content used to train generative models:
“You’ll just continue to see more interest in using fact-check in-
formation to feed Al [...] Are we going to be compensated?” P12
described the uncertainty of what data was used to train models
as “problematic” for fact-checkers.

4.2.3 @Environmental Challenges. Participants described society-

wide barriers including uncertain government and partner policy;
skillset scarcity and disruption; and western-centric design.

& Uncertain and Evolving Policy: P16 contended that, though
evolving, government policies in Europe are not equipped to deal
with generative Al, as well as the new forms of misinformation
arising from it. P13 noted that law around generative Al in India
is limited by technicalities and intended primarily to stop citizens
from being “cheated” by deepfakes. P26 expressed concern about
“impinging on the freedom of speech” if generative Al were overap-
plied for moderating speech, including that produced by Al models.
P8 noted uncertainty about the policies of networks like the IFCN,
saying “I think you can’t just use that too much in your work, if
you want to stay within the framework, which is super important
for us”

& Skillset Scarcity and Disruption: Participants consistently
noted the short supply of generative Al skills. P35 said this scarcity

rendered them unaffordable: “people who do know how to do that

are working in organizations where they’re on a much higher wage
than anything that a fact-checking or journalism organization could
offer” P3 said finding tech workers in Africa with generative Al
skills was difficult and made harder by the headhunting practices
of US. tech companies, noting “getting the right skill at a level we
can actually afford as an NGO has been a [...] major challenge”
Many participants reported attempts to build generative Al
skills internally, in part to prepare for its disruptive impact on
fact-checking workflows. P25 described generative Al skills as im-
portant both for efficiently dealing with misinformation and for
awareness of the misinforming content that generative Al enables.
P27 noted difficulty incorporating generative Al due to fears of dis-
placement by the technology, and of changes to the fact-checking
profession: “I think the biggest challenge is how to communicate
this in a department [...] It won’t replace us, probably, but it will
change our work tremendously.” P28 characterized generative Al
as a generational issue for local fact-checkers, noting that aversion
to new technology hampers the ability to match promulgators of
misinformation: “We are not even yet at the point of being comfort-
able appearing on videos [...] if you [...] confidently face your cell
phone and record what is happening, the same way malign actors
are, maybe we would have a fighting chance. And I’'m not even at
the point of talking about Al yet”
& Western-Centric Design: P2, P4, and P11 each said that, while
generative Al tools perform well in English, their quality remains
poor for low-resource languages, particularly local African lan-
guages. P13 described the local languages they dealt with as a low
priority for companies developing language models. P12 highlighted
the need for Africa-centered partnerships to overcome western bi-
ases and lack of access to the data for training African models:

The challenge we have right now is, it’s like the new shiny
toy and everybody is talking about Al in Africa, but when
you actually ask from an African point of view [...], the
problem comes with [...] integrated bias in Eurocentric, or let
me just say American platforms. So Meta, Google, they’re all
developed there and then they’re used here. So the inherent
biases in that, that’s not something that we can do anything
about [...] it'll be good to find ways, at least for African tech,
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to partner with these people, to develop the tools that would
work for the continent. Otherwise, it’s just noise.

P28 connects Al language with inauthentic colonial power: “In post-
colonial places like ours, we are taught to read in another language.
It’s monotonous. And what I'm getting at is that that monotony
is the same sound you hear in Al, and it appears very authentic,
even if it’s not [...] It really affects the way we are being shaped as
a country”

5 DISCUSSION

Realizing opportunities of generative Al in fact-checking requires
not only building new technical competencies, but also addressing
responsible use in a domain concerned primarily with reliability.
We introduce a novel sociotechnical dimension to the design space
for generative models that centers information verification; discuss
tensions between the values of fact-checking and the values of
generative Al; and outline a research agenda for generative Al in
fact-checking.

5.1 Design Considerations for Generative Al in
Fact-Checking

5.1.1 Designing for Verification. Every participant centered one
concern about generative Al verification. This arose in Organi-
zational challenges, in reputational risks of publishing unverified
output, and in Technological challenges, as fact-checkers must
transparently explain their processes and verify model output.

To begin addressing these challenges, we introduce a sociotech-
nical dimension to the design space of generative models focused
on the production and verification of content, conceived using a
2x2 matrix. We locate the Producer of content on the X axis, and
the Verifier of content on the Y axis (see Fig. 4). The upper right
(Human Producer, Human Verifier) characterizes workflows in most
fact-checking and digital media companies, as experienced staff
review content authored by junior staff, and editors refine content
authored by fact-checkers and writers. The bottom right (Human
Producer, GenAlI Verifier) characterizes the X Quality Assurance
system for catching small errors (P27), and the X Adversarial Anal-
ysis of fact-checking content (P3). It adds security for high-stakes
tasks like fact-check publication that are performed primarily by
humans. Fact-checkers generally agreed that the bottom left quad-
rant (GenAI Producer, GenAlI Verifier), which includes no human
oversight, is suitable for low-stakes settings, or where there is a
clear evaluation metric that can be used by the verifying model.
For example, P2 used generative Al to refine prompts used by other
generative models in b Core NLP Tasks, improving pipeline per-
formance with little human oversight. Finally, participants held
mixed views of the upper left quadrant (GenAI Producer, Human
Verifier), noting that the & Labor of Output Verification may
render such designs inefficient, or devalue the role of the human.
Participants welcomed AI for P Metadata Generation and P
Format Conversion of content into new modalities, noting such
uses saved time, even with human review.

Verification is essential for domains where generative AI may
provide transformative benefits, but where the consequences of
incorrect output are high. Consider applications of generative Al in
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law [83], where high-profile mistakes have rendered use of gener-
ative models suspect, or medicine, where research suggests demo-
graphic biases emerge in models trained on medical text [1]. The
verification dimension, envisioned for the high-stakes, information-
centered domain of fact-checking, provides a framework for con-
ceptualizing applications that value veracity at least as highly as
efficiency.

5.1.2  Describing Value Tensions. Value tensions refer to cases wherein
the values of a stakeholder in a technology or process come into
conflict with the values of another stakeholder or of the technology
itself [32]. Drawing on Birhane et al. [4], we do not view genera-
tive Al as value-neutral by default, and we conduct a conceptual
investigation into the tensions between the values of fact-checking
in interaction with generative Al [87]. We use the five principles
of the IFCN, an organization founded to promote common stan-
dards in fact-checking [60], as a basis for examining the values
of fact-checking. Building on insights from our interviews with
IFCN signatories and partners, we map each IFCN principle to an
underlying value, and describe its tension with generative Al Table
2 describes these values and value tensions in detail, illustrating
conflicts between generative Al and core fact-checking values such
as fairness, transparency, and explainability. While many primar-
ily technical tensions are resolvable, especially in the context of
human-AI collaboration, tensions surrounding values like Account-
ability may require significant changes in the relationships between
information professionals like fact-checkers and the technology
companies that benefit from their labor [43].

5.1.3 Defining A Research Agenda. We describe directions for re-
search identified by the participants of our interview study, grouped

by the research community (fairness, accountability, or transparency)
they primarily address (see Table 3). Participants stressed that re-
searchers at universities and partner organizations will play an

important role in advancing these research directions, but that re-
search cannot have meaningful impact without the involvement

of fact-checking organizations. P37 noted the limited effort of

researchers to connect with fact-checkers, saying, “normally re-
searchers are doing research without even talking with fact-checkers,
so they don’t know how the fact-checking world works.” Some di-
rections, such as developing technology for the global south, or

combating information inequality, may also require researchers to

forge new relationships with individuals and organizations outside

of their existing networks.

5.2 Limitations and Future Work

Our findings are limited in that we focus solely on fact-checkers,
and primarily on IFCN signatories and partners. There are many
stakeholders in fact-checking, including audiences for fact-checks,
technology providers, government bodies, and indirect beneficia-
ries of the impact of fact-checking on the information ecosystem
[41]. Future work might center the interests and values of these
stakeholders. Moreover, while we draw on the literature of orga-
nizational change, we are primarily concerned with understanding
the evolution of organizations undertaking the work of informa-
tion verification, rather than organizations broadly. Future work
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‘ IFCN Principle | IFCN Description Value | Tension with Generative Al
“Signatory organizations fact-check claims using the same standard for Generative Al exhibits wide variance
Non- every fact-check. They do not concentrate their fact-checking on any one depending on the structure of a user’s
Partisanship and | side. They follow the same process for every fact-check and let the Fairness | input, and may reflect both implicit
Fairness evidence dictate the conclusions. Signatories do not advocate or take and explicit societal biases based on
policy positions on the issues they fact-check.” its training and fine-tuning data.
“Signatories want their readers to be able to verify findings themselves. . . .
Standards and Signatories provide all sources in enough detail that readers can replicate Trans- Is\gi(ri:iss c;:gii:fﬁ;;nue‘llté\i:i}t/eldentlfy
Transparency of | their work, except in cases where a source’s personal security could be . i " Y £inf i
Sources compromised. In such cases, signatories provide as much detail as parency | inaccurate sources ol information
possible” when asked to do so.
“Signatory organizations are transparent about their funding sources. If Models are pretrained using poorl
they accept funding from other organizations, they ensure that funders ified d f d b glp dy'
Transparency of | have no influence over the conclusions the fact-checkers reach in their spectlied data, and may be aligned via
. . o . . Account- | practices exploiting low-cost workers
Funding and reports. Signatory organizations detail the professional background of all abilit in developine countries. Developers
Organization key figures in the organization and explain the organizational structure Y d velop g’b'l'u - Develop
and legal status. Signatories clearly indicate a way for readers to eny responsibility to compensate
communicate with them’” producers of web-scraped data.
Standards and “Signatories explain the methodology they use to select, research, write, Explain- Even when models produce a correct
Transparency of | edit, publish and correct their fact-checks. They encourage readers to send bPl' t answer, they cannot give a reliable
Methodology claims to fact-check and are transparent on why and how they fact-check” abity explanation of how it was arrived at.
olﬁzz;?d “Signatories publish their corrections policy and follow it scrupulously. Open- Generative Al opens a channel to
Corrections The)f correct clearly a_nd transparently in line with the corrections p().liC};, ness disseminate information not easily
Policy seeking so far as possible to ensure that readers see the corrected version. observed or corrected by experts.

Table 2: We leverage the IFCN principles to identify fact-checking values, and participant insights to describe tensions with generative AL

[ Fairness [ Directions that seek to mitigate both technical and societal bias and unfairness. Interest
Technology for the Building technologies in coordination with fact-checking organizations in the global P2,3,11, 12,
Global South south to improve model performance and usability, especially in local languages. 13,28

Detecting and Developing technical and human-centered approaches to identifying and minimizing P5, 6, 21, 33,
Mitigating Bias bias in model output and human-AI collaborations. 35
Combati
In;)or?maatlir;i Developing methods to reach audiences outside of well-educated, well-resourced P4, 9, 17, 29,
. communities that typically consume fact-checking content. 30, 31
Inequality
. Directions to improve accountability of Al developers to users, fact-checkers to
Accountability . Interest
audiences.
Improving Data Developing technical and policy approaches to ensuring that fact-checker data and P27, 29, 31,
Standards and Safety | content is not misused when training or fine-tuning generative Al models. 37
Auditing for Auditing generative Al systems for deceptive design patterns that manipulate human P1, 12, 25, 26,
Deceptive Design users into placing too much faith in the veracity of their output. 28
Improving Open Developing highly usable open source and open weight generative Al models to alleviate | P2, 5, 14, 16,
Models fact-checker concerns related to the privacy and ownership of their data. 27,37
Directions to equip fact-checkers with designs and approaches to maximize
Transparency Interest
transparency.
Benchmark Developing benchmar.ks that measure language model pc.erformance in settings closer to P2, 3, 16, 37,
the real-world scenarios faced by fact-checkers, accounting for the novelty of
Development . . 38
misinformation.
Synthetic Content Developing approachable generative Al tools for reliably detecting synthetic content, P3, 10, 13, 15,
Detection whatever the modality (such as text, image, audio, or video). 22,23, 24
Designing for Developing design spaces and methodologies that center the transparent processes of P27 31. 36
Transparency fact-checking professionals and organizations. T

Table 3: We propose nine research directions for generative Al in fact-checking in which our study participants expressed interest.

might seek to generalize or contextualize our findings with other

organizations and sectors.

6 CONCLUSION

We presented an interview study with N=38 participants at 29
fact-checking organizations across six continents, describing the

opportunities and challenges of incorporating generative Al in so-

ciotechnical fact-checking infrastructures. Insights from interviews
formed the basis for a novel Verification dimension in the design
space for generative models for fact-checking. The principles of
the IFCN informed a description of the value tensions between

fact-checking, which centers transparency, fairness, accountability,
and reliability, and generative Al an unpredictable and sometimes
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unreliable technology. Finally, we proposed a research agenda for
generative technologies, designs, and approaches in fact-checking.

RESEARCHER POSITIONALITY

The authors are not themselves fact-checkers, but academic re-
searchers who approach the present work with a mix of sociological
expertise related to fact-checking work and technical expertise with
generative Al The second author has maintained relationships with
the global fact-checking community throughout their career. While
we made concerted efforts to faithfully represent the views and ex-
periences of fact-checkers operating globally, including in the global
south, we nonetheless recognize that our positionality as academic
researchers at a university in a developed country prohibits us from
fully capturing the challenges faced and opportunities envisioned by
information professionals operating in different contexts from ours.

ETHICAL CONSIDERATIONS

We note that our focus on IFCN signatories and their partner or-
ganizations may not be representative of all fact-checking orga-
nizations, including especially disadvantaged organizations with
which we would not have interacted via a purposive and snowball
sampling methodology. Moreover, we note that while fact-checkers
play an essential role in maintaining the health of the information
ecosystem in countries with well-established freedom of speech
protections, their impact may be limited in less open environments
for speech. As a study positioned within the context of a profession
that addresses misinforming content, we thus note that we are not
able to fully represent the efforts of marginalized individuals and
organizations whose work nonetheless improves the health of the
information ecosystem; our work extends only to those arenas in
which fact-checkers operate.

ADVERSE IMPACTS

We considered the possibility that our work might elicit more enthu-
siasm than might be warranted with regard to adopting generative
Al in human-centered discipline like fact-checking. While we have
devoted large sections of the work to describing challenges, value
tensions, and unrealized research, we note explicitly that this work
should not be read as an endorsement of generative Al but as quali-
tative scientific research describing the perspectives of a community
around adopting this new technology. Cautious, human-centered
design that centers the values of fact-checkers and the communities
they serve will be necessary to ensure that generative Al is not em-
ployed for well-meaning but harmful applications in fact-checking,
such as rendering the human labor of fact-checking invisible [41] or
producing fact-checking content that ultimately lacks the authority
of that of a human expert [46], diluting the power of an essential
mechanism for maintaining the health of information ecosystems.
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