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Given the volume of potentially false claims online, claim prioritization is essential in allocating limited
human resources available for fact-checking. In this study, we perceive claim prioritization as an information
retrieval (IR) task: just as multidimensional IR relevance, with many factors influencing which search results
a user deems relevant, checkworthiness is also multi-faceted, subjective, and even personal, with many
factors influencing how fact-checkers triage and select which claims to check. Our study investigates both
the multidimensional nature of checkworthiness and effective tool support to assist fact-checkers in claim
prioritization. Methodologically, we pursue Research through Design combined with mixed-method evaluation.

Specifically, we develop an AI-assisted claim prioritization prototype as a probe to explore how fact-
checkers use multidimensional checkworthy factors to prioritize claims, simultaneously probing fact-checker
needs and exploring the design space to meet those needs. With 16 professional fact-checkers participating
in our study, we uncover a hierarchical prioritization strategy fact-checkers implicitly use, revealing an
underexplored aspect of their workflow, with actionable design recommendations for improving claim triage
across multidimensional checkworthiness and tailoring this process with LLM integration.
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1 Introduction
The scale of potentially false claims circulating online far exceeds limited human resources for
manual fact-checking. While Natural Language Processing (NLP) research has sought to fully
or partially automate fact-checking [28, 32, 54, 92], even state-of-the-art NLP still cannot match
human capabilities in many areas. NLP technology continues to rapidly advance [53], but experts
argue that the complexity involved in fact-checking requires subjective judgment and expertise
[6, 54], continuing to necessitate human work for the foreseeable future [18].
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Given the need for human fact-checking, claim prioritization is key to efficiently allocating
human resources [52, 72, 84]. Prioritization seeks to triage and select the most consequential claims
by considering checkworthiness factors aligned with the goals and news values of fact-checking
organizations [11, 81]. While many NLP methods have been developed to identify and monitor
misinformation, NLP research has typically sought to automate rather than develop mixed-initiative
[36] tools to assist human fact-checkers in claim prioritization. Given the complexity and uncertainty
underlying the assessment of checkworthiness [46, 52, 63], better tooling could significantly help.
In this study, we perceive claim prioritization as an information retrieval (IR) task in which a

fact-checker has an information need [86] and seeks relevant information to address that need. Just
as relevance is multidimensional, with many factors influencing which search results a user will
deem relevant to their personal information need [87, 90], checkworthiness is also multi-faceted,
subjective, and even personal, with a diverse set of factors influencing how fact-checkers triage
and select which claims to check [2, 55]. Prior work has identified a variety of dimensions to
checkworthiness [2, 52, 63], such as whether the claim is checkable at all [27, 35], the potential
harm it might cause if left unchecked [72], how difficult it might be to check [74], etc. However, it
remains unclear today how fact-checkers perceive the relative importance of these different factors,
as well as how they dynamically apply them in an IR context for claim prioritization. As reported
by fact-checkers in prior studies [46, 63, 72], this process is a less organized, complex, and highly
context-dependent task, making it difficult to develop an optimal design solution.

To explore this design challenge, we adopt a Research through Design (RtD) approach [95]. Unlike
traditional empirical methods, such as interviews or focus groups, RtD uses design interventions as
a methodological tool to uncover knowledge that informs both the understanding of user practice
and the creation of innovative solutions [96]. By designing an intervention and observing how
people react to it, we gain new insights into user practices and needs [94, 95]. To this end, we
developed an AI-assisted claim-prioritization prototype that provides customizable filters to help
fact-checkers search and filter claims over multiple dimensions of checkworthiness. We use this
prototype as a probe to both explore fact-checker work practices and to better understand their
needs for claim prioritization.

Our prototype provides two key capabilities beyond a basic search box for entering query terms.
First, we provide automated models that predict four checkworthiness dimensions (“Verifiable”,
“Likely harmful”, “Likely false”, and “Interest to the public”), coupled with simple UI slider widgets
that support dynamically varying the relative weight assigned to each dimension of checkwor-
thiness, individually or in combination, to customize claim ranking in real-time. The second key
capability enables fact-checkers to develop additional zero-code, custom search filters using large
language model (LLM) technology. This allows additional dimensions of checkworthiness to be
introduced and influence claim ranking beyond the four dimensions supported natively. More
generally, the flexibility and power of the customized LLM search filter can help fact-checkers to
overcome the limitations of traditional keyword search. Just as LLMs enable non-programmers
to quickly formulate new AI tasks without model training and data acquisition, our goal was to
enable fact-checkers to specify custom search criteria for claim prioritization in natural language.

Our user study with 16 professional fact-checkers employed mixed-method evaluations to collect
and analyze participant experiences and reflections. Guided by an RtD process, the prototype
enabled us to probe and observe how fact-checkers flexibly triage claims across multidimensional
checkworthiness. We investigate: 1) how participants assessed the relative importance of different
checkworthy dimensions and developed priorities in claim selection; 2) how they created customized
LLM-based search filters and the corresponding benefits and limitations; and 3) their overall user
experiences with our prototype.
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Research Contributions: In this paper, we examine how fact-checkers dynamically prioritize
claims by considering various checkworthiness factors and uncover specific user needs for tools to
support this process. Specifically, we developed an interactive claim prioritization prototype as a
design probe to investigate these dynamics in-depth. We uncovered a hierarchical prioritization
strategy that they implicitly use, shedding light on an underexplored aspect of their workflow.
We also synthesized actionable design recommendations learned from fact-checkers, suggesting
mechanisms to better triage claims across multidimensional checkworthiness and to tailor this
process by integrating LLMs. These insights deepen our understanding of fact-checker work
practices and the supporting tools they require, while also offering broader design implications for
improving relevance judgment and triage in other user activities.

2 Related Work
2.1 Journalistic Fact-checking and Digital Tools Used for Claim Prioritization
Our information ecosystem has become severely contaminated with the rise of different false
content circulating through online media, including text, images, and videos [38, 83]. This pollution
is leading to various social problems, including public health crises [77], political polarization
[34], and increased tensions among different social groups. In a survey representing a diverse
demographic of 1207 Americans, it was found that 49% have encountered online misinformation
[66]. Journalistic fact-checking plays a crucial role in addressing this emerging issue [27]. Fact-
checking not only assists individuals in assessing information accuracy but also raises public
awareness of pre-bunking misinformation [17].

Graves [27] describes a five-stage process of traditional fact-checking, including claim selection,
contacting the claimant, tracing the claim, consulting experts, and making the verification process
public. Currently, the scope of fact-checking has expanded beyond checking political claims to
investigating more general false information spread throughout social media platforms (e.g., rumors,
hoaxes, and conspiracy theories), and fact-checking practices evolved [30]. One of the important
changes, as described by Westlund et al. [84], includes the extensive usage of technological tools to
counter the massive scale of online misinformation [10, 18].

Fact-checkers use many tools to search for, monitor, filter, and collect potential claims to check.
As reported in prior work [10, 18, 52, 63, 84], off-the-shelf tools include Google search, search
provided by the social media platforms, third-party monitoring software1, for example, TweetDeck
and CrowdTangle, and other open-source intelligent tools. More advanced tools were also built
to better identify checkable claims that contain factual statements. For example, Majithia et al.
[48] build ClaimPortal, a tool incorporating Claimbuster [35], to identify checkable claims from
Tweets and perform traffic analytics. The UK fact-checking organization, Full Fact2, built a claim
monitoring tool that helps identify different types of claims from different media and news outlets,
including statistical, opinionated, and predicted claims. Meta also provided fact-checking tools3
that enabled fact-checking organizations they partnered with to monitor, search, and check claims
on their platforms, including Facebook and Instagram.

From previous research and industry reports, most tools mentioned above do not directly assist
fact-checkers in claim prioritization. This might stem from several causes, including the lack of
transparency, personalization, or other unmet user needs. For example, as described in Arnold [6]’s
report, fact-checkers complained that the ranking provided in the current Meta monitoring tool

1TweetDeck has now become X Pro: https://pro.twitter.com/, CrowdTangle (suspended): https://www.crowdtangle.com/.
2Full Fact AI: https://fullfact.org/ai/about/.
3Meta’s fact-checking partnership (suspended at the time of publication): https://transparency.meta.com/features/how-fact-
checking-works.
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was not transparent. Although the tool ranks claims based on different sources, such as feedback
from social media users flagging potential false or harmful claims and the popularity indicated by
social media metrics, fact-checkers did not understand how these factors are combined in a ranking
list. This lack of clarity made it difficult for them to trust the tool and agree that checkworthiness
rankings align with their goals.

In Liu et al. [46]’s co-design study with fact-checkers, participants expressed a need for more per-
sonalized claim filtering and selection. Because the assessment of checkworthiness is multi-faceted,
they preferred tools that help them triage claims across multiple dimensions of checkworthiness.
Similar findings arose in other recent work [63, 72]. Given this gap in tooling support, both re-
searchers and tool developers would benefit from a deeper understanding of how fact-checkers
prioritize claims, as well as exploring new tools to assist with claim prioritization.

2.2 Relevance Judgment and Claim Checkworthiness Assessment
Since fact-checkers primarily prioritize claims within the context of information search, we perceive
their process of searching for and selecting claims as analogous to a traditional Information Retrieval
(IR) task, where a user has an information need [86] and seeks relevant information to address that
need. Just as relevance is multidimensional, with many factors influencing which search results
are deemed relevant [87], checkworthiness is also multi-faceted and affected by diverse factors
[2]. Given this parallel, we review key literature from both IR and fact-checking to ground our
understanding of claim prioritization and to inform our tool design.
In IR studies, evaluating relevance through multiple dimensions provides a more accurate

assessment of search results than considering only unidimensional topical relevance. Jiang et al.
[41] integrates four factors—“Novelty,” “Understandability,” “Reliability,” and “Effort”—with user
experience measures to evaluate an IR system. This multidimensional approach to judging relevance
showed a stronger statistical relationship with user experience than just topical relevance. It is also
recognized that individuals perceive the importance of these multidimensional factors differently,
which can influence their final judgment of search relevance. Zhang et al. [90] use structural
equation modeling to examine the relationship between five-dimensional factors and the overall
relevance of search results. Findings from their model indicated a considerable difference in the
weight that individuals assigned to different relevance factors. Additional research shows that user
perceptions of multidimensional relevance are further influenced by user domain expertise [78]
and biases [45]. This suggests that relevance judgment is highly subjective and individualized.
The notion of checkworthiness also varies across individuals, organizations, and time, just as

relevance is multidimensional, subjective, and personal. Fact-checkers consider different factors
in assessing claim checkworthiness. For example, Procter et al. [63] describes three checkworthy
factors regarding claim prioritization, including “Spread,” “Severity,” and “Amplification.” Addi-
tionally, Sehat et al. [72] highlights three other factors, including "Urgency of Claims," "Resource
Allocation and Claim Scope," and "Interests of Different Stakeholders." Singh et al. [74] also de-
scribe “Claim Difficulty” based on the claim ambiguity, the poor ranking and unreliable sources
in evidence retrieval, and the difficulty of inferring veracity from the evidence. To better ground
our understanding of multidimensional checkworthiness that influences claim prioritization, we
present a summary of these factors with definitions in Table 1.

NLP research has also annotated claims for different checkworthy dimensions in order to build
and test predictive models [2, 35, 44], with annotation guidelines using linguistic features to infer
various aspects of checkworthiness [3]. A well-known NLP competition, CLEF CheckThat! [8, 9],
emphasizes the multidimensional nature of evaluating claim checkworthiness and helps capture
some of them from human annotators. Despite the prominence of this work, there is little insight
into the provenance of annotated dimensions: how the particular dimensions were selected or their
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Factors Definitions

Already checked [73] A fact-check of this claim or similar claims have already been
conducted.

Amplification [52, 63] Publishing a fact-check of this claim is likely to cause a risk of
raising the profile and thus increasing public awareness of this
claim.

Checkable [52] (or
verifiable)

A checkable claim is a factual statement (e.g., numbers,
geographical references) that can be checked.

Difficulty [74] The claim is difficult to fully verify because of its term ambiguity,
unreliable evidence, and other limitations.

Harmful [72] (or severity
[63])

The claim either directly or indirectly causes harm to people and
society.

Likely false [26] The claim is likely to contain false information.
Public interest [2] The claim includes topics such as healthcare, political news, and

current events, which tend to be of higher interest to the general
public.

Spread [63] (or virality) The claim is widely spread across different social media platforms
and different languages or countries.

Susceptibility [7] The likelihood of people believing in this claim.
Urgency [72] Immediate action is needed to fact-check this claim due to the

negative impacts it might cause or has already caused.

Table 1. Dimensions of checkworthiness that have been directly mentioned by fact-checkers or identified in
prior studies.

relative importance, what other dimensions might exist, how fact-checkers used these dimensions
in practice, etc.

Informed by decades of study of relevance in IR [67–69], we can infer that fact-checkers perceive
the importance of various dimensions of checkworthiness differently, which influences how they
identify and select claims during searches. Therefore, several open questions arise that exemplify
the gaps in existing claim prioritization: How do fact-checkers evaluate the relative importance
of various dimensions? Are different dimensions of checkworthiness considered serially or in
parallel by fact-checkers to conduct claim selection effectively? How do fact-checker self-reported
perspectives on these dimensions align with their actual behavior during claim search and selection?
When different dimensions compete in claim ranking, how do fact-checkers navigate these trade-
offs dynamically? In Section 3.4.4, we structure these questions around the primary research goal
and explain how we address them. As we seek to address some of these questions with an RtD
approach, we synthesize important literature on RtD in the next section and describe our motivation
for using RtD.

2.3 Research through Design (RtD) in Misinformation Research
Researchers in Computer-Supported Cooperative Work (CSCW) and Human-computer Interaction
(HCI) have extensively used RtD. Originating from traditional arts and design practice, RtD as
described by Frayling [23] documents how artifacts are created and communicated through art,
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craft, and design activities. In HCI, RtD involves using designed artifacts as tools to uncover
new knowledge and insights that inform the understanding of user practice and the creation of
innovative solutions [94]. Unlike traditional empirical methods, such as interviews or focus groups,
RtD allows researchers to tackle emergent, context-dependent, complex, or multi-faceted questions,
providing insights that are not just theoretical but grounded in the practices of making and doing
[24]. Additionally, RtD emphasizes the quality of the design process and its implications, rather
than merely measuring tool usability [62].
Scholars in CSCW and HCI have widely adopted RtD to investigate the phenomenon of misin-

formation and develop workable solutions. As Venkatagiri et al. [80] write:

“Misinformation on social media is a wicked problem because: 1) it is a symptom of
another problem (e.g., political polarization or psychological biases), 2) it can be inter-
preted and solved in many different ways (e.g., social, psychological, or technological),
and 3) solving it is identical to completely understanding it, and there are no clear
criteria for sufficient understanding.”

RtD is particularly useful for studying misinformation and developing solutions because its iter-
ative design process allows researchers to develop a deeper understanding of the problem as it
evolves while simultaneously modifying design interventions. RtD has been applied to develop
various interventions, digitally or socially, to address different societal problems brought about
by misinformation. For example, Venkatagiri et al. [80] developed a new platform that fosters
competition and collaboration among crowd workers to identify and debunk misinformation. Zade
et al. [89] employed an RtD process to design contextual cues to inform credibility assessment on
social media. Similarly, Løvlie et al. [47] designed a tool to help readers better understand evidence
and uncertainty in science journalism. Additionally, throughout years of misinformation research,
Arif [5] implemented community-engaged programs to enhance people’s digital literacy regarding
online misinformation in their everyday environments [85].
As discussed at the end of Section 2.2, our study investigates how fact-checkers perceive the

relative importance of checkworthiness dimensions and apply this in claim prioritization during
search to better reveal potential user needs. This knowledge is situational and contextualized within
fact-checking, especially in fact-checker behavior of searching, filtering, and selecting claims. RtD
is a well-suited approach for addressing this challenge. It emphasizes using design as a method to
uncover nuanced, situational knowledge rather than focusing on developing definitive solutions,
particularly when user practices are not yet fully understood [24, 96]. In our context, this involves
exploring how fact-checkers prioritize various dimensions of checkworthiness, how they apply
this situational understanding to the process of searching for claims, and what AI solutions we can
design to facilitate this process more effectively.

To better articulate how we adopt RtD, we clarify how RtD helps us conceptually define research
goals and methodologically support the design and study process in Section 3.

3 Research through Design
In Zimmerman et al. [96]’s examinations of RtD practices across different design projects, they
found that “All of the projects employed an RtD approach, creating artifacts that included products,
prototypes, and models that illustrated future visions, uses of new materials, and potential ideas.”
Bowers [13] also emphasize that the artifacts created via RtD aim to “provide the design research
community with information about how to design.” Thus, RtD differs from traditional empirical
studies, such as interviews or focus groups, where these methods typically do not involve user
interactions with artifacts. To understand user practices, these methods primarily rely on verbal
accounts and thematic analysis of participant narratives, rather than gaining insights through
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direct observations of participant actions and processes. RtD also contrasts with tool evaluations,
where the study focuses on assessing a tool usability rather than better uncovering user practices
and generating design knowledge to inform future solutions [22, 61].
Given these methodological differences, we first describe how RtD helps conceptualize our

research goals (Section 3.1). We then detail our design process of creating the artifact used for RtD
(Section 3.2 and 3.3) and the evaluative approach (Section 3.4) to achieve our research goals.

3.1 Frame Research Goals
After interviewing fact-checkers around the globe, Sehat et al. [72] reported “no established sys-
tematic approach towards claim prioritization” today. Additionally, fact-checker decisions to focus
on specific claims typically depend on case-by-case situations and are heavily influenced by the
local news context [46, 52, 63]. Thus, both theoretical and empirical understanding highlight the
complexity and uncertainty involved when fact-checkers use tools to search and select claims to
check. This poses a further design consideration: new tools developed for claim prioritization should
support such complexity and uncertainty with the necessary flexibility to adapt to dynamically
changing priorities. While prior work has explored aspects of this challenge, it often stops short of
offering clear solutions in tool support. This gap presents an opportunity to leverage RtD to better
inform and develop actionable design outcomes.
In particular, we believe using artifact-driven actions and reflections is more effective in first

untangling the complexity and uncertainty of fact-checker tasks in claim prioritization. As noted
by Bowers [13] and Pierce [61], the value of using RtD lies in creating exploratory artifacts to
uncover design knowledge. In our context, these artifacts act as probes, enabling fact-checkers
to demonstrate how they dynamically triage claims across various checkworthiness factors. By
observing the strategies they develop and adapt over time to improve the efficiency of searching
and selecting claims, we could gain valuable insights into user behaviors and patterns, which
subsequently guide the design of future tools.

We define our two research goals based on RtD as follows:

RG1 A practice-based examination of fact-checker practice and needs for claim prioriti-
zation.We aim to build a prototype as a probe to elicit fact-checker insights into how they
flexibly triage claims among multidimensional checkworthiness by searching, filtering, and
selecting claims in real time. Additionally, as RtD contributes to the creation of innovative
solutions [24, 94], we also synthesize insights, including user behaviors and patterns, into
more sophisticated needs, as well as concrete design suggestions for claim prioritization
based on what we observed when fact-checkers use the prototype.

RG2 An evaluation of fact-checker use experiences for the claim prioritization prototype.
We aim to employ a lab-based RtD approach that uses both quantitative and qualitative data
to inform new design knowledge. As described by Zimmerman and Forlizzi [94], a lab-based
RtD approach helps explore “semi-articulated hypotheses for better forms of user interaction.”
Therefore, another goal of this study is to present a comprehensive evaluation of fact-checker
use experiences of the AI-assisted claim prioritization prototype we developed. While this
prototype might not represent the final form of user interactions in claim prioritization,
presenting its evaluative results helps inform the future design and development of more
advanced tools.

As described by Zimmerman and Forlizzi [94], a lab-based approach “blends design methods to
envision the unimagined and both analytic and experimental methods to evaluate the novel design
offerings.” We thus follow the classic double-diamond design framework [19] to scaffold our design
process (Figure 1). This involves steps ofDiscover andDefine (i.e., howwe explore and finalize design
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choices, documented in Section 3.2) and Develop (i.e., how we prototype and deploy the design
concept technically, documented in Section 3.3) and Deliver (i.e., how we finally evaluate the design
to gather use-inspired insights, documented in Section 3.4). Unlike the traditional double-diamond
design, where the final design concept is ideally perceived as a tentative yet optimal solution to
a user problem, we formulate a design probe in the define stage. In the delivery stage, this probe
then serves to collect analytical data, aiming to better serve the discover stage. Findings from this
loop help guide the development of future optimal solutions.

Discover DevelopDefine Deliver

Explore and synthesize

1) different tool features 
in existing tools used by 
fact-checkers; 



2) traditional multi-
faceted search, 
browsing, and filtering;

 

3) customizable 
functions for 
personalized search.

Explore Design 
Choices

Create RtD 
Prototype

Sketch low-fidelity 
wireframes that integrate 
different tool features 
into the prototype. 



Create extra 
functionalities and 
mechanism that 
empower fact-checkers 
to dynamically use these 
features for search and 
claim selections.

Refine RtD Evaluation 
Protocol

Identify appropriate 
tasks, including 
exploratory search and 
constrained claim 
selections, to identify 
user pattern.



Formulate user protocol 
to elicit fact-checker 
needs and future tool 
features rather than 
proving the prototype 
efficacy.

Design 

Challenges

Prototype ResultsHypothesis

Design 

Outcomes

The complexity and 
uncertainty of 
claim prioritization;



Unclear design 
solutions that help 
balance the 
flexibility of 
personalization 
with the complexity 
of user practice

Use qual and quant 
data to untangle 
the complexity of 
claim prioritization;



Distill user patterns 
to inform explicit 
design solutions 
that improve fact-
checker work 
efficiency in claim 
prioritization.

Develop RtD 
Prototype

Create high-fidelity 
wireframe for 
functional prototype 
development



Imagine an idealized 
use of the prototype by 
pilot-testing with fact-
checking researchers

Fig. 1. Our lab-based RtD method integrated into a classic double diamond process [19]. We document our
design challenges as the research goals, described in Section 3.1. Steps of Discover and Define, i.e., how we
explore and finalize design choices, are documented in Section 3.2. The step of Develop, i.e., how we create
and deploy the prototype, is documented in Section 3.3. The step of Deliver, i.e., how we finally evaluate
the design to gather use-inspired insights, is documented in Section 3.4. The iterative refinement of RtD
evaluation protocol is documented in Appendix E.

3.2 Discover and Define Design Probe
As described in Section 2.1, claim prioritization mainly happens when fact-checkers use search-
related tools. Furthermore, Section 2.2 discussed how assessing claim checkworthiness parallels
multidimensional relevance judgment of search. This suggests that, in claim prioritization, fact-
checkers rely on information seeking and retrieval to address their information needs when
identifying important claims. In order to meet different user information needs, scholars in infor-
mation seeking and retrieval have been exploring different search features, such as metadata [88]
and graphical facets [31], and different types of search result presentations [15], including standard
website, hierarchical text-based faceted UI, and dynamic query faceted UI. These insights require
us to examine design work from this area as the initial phase of design exploration.
To synthesize design work from both academic research and industry practices for our tool-

building, our literature search focused on three main aspects: 1) existing tools used by fact-checkers
to identify and monitor claims; 2) traditional multi-faceted search, browsing, and filtering that
support general information seeking; and 3) customizable functions that provide users with a more
personalized search experience. We conducted an academic literature search on Google Scholar
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using keywords such as “multi-faceted search,” “personalized search,” and “browsing and filtering.”
Most of the academic research we identified originated from conferences related to SIGCHI, SIGIR,
and CHIIR. To explore tools currently used by fact-checkers, we examined a range of existing
resources and tools related to claim prioritization. These included a collection of tools curated by
nonprofit research organizations, such as RAND Corporation4 and Credibility Coalition5.

We summarize our search results in Table 2. These include standard keyword and semantic search,
multi-faceted filters, personalized weighting, and user-generated facets. These features illustrate
the different levels of customization that assist users in their search and browsing activities. We
make a simplifying assumption by restricting our scope to textual claims. While future work should
investigate the multi-modal setting as well, we show that even this simplified setting is sufficient
to reveal broadly useful insights into fact-checker needs and corresponding design implications.

Categories Features Description Tool implementations

Search Keyword
search

Users enter keywords to look for
exact matches of documents where
the keyword appears.

Academic: [31, 39, 48, 88]
Industrial: Google fact-check
tools, Trendolizer, Meta
fact-checking tool, Full Fact
Alpha

Semantic
search

Users enter a search query to
retrieve documents that provide
contextual meanings similar to the
query.

Academic: [39, 48]
Industrial: Google fact-check
tools, Trendolizer, Meta
fact-checking tool, Full Fact
Alpha

Image reverse
search

Users use an image as a search
query to find similar images from
the database.

Academic: [14]
Industrial: Google fact-check
tools

Filtering Multi-faceted
filters

Users select various criteria from
different categories to dynamically
filter documents. Only documents
relevant to the criteria are updated.

Academic: [14, 31, 39, 43, 48, 88]
Industrial: Trendolizer, Meta
fact-checking tool, Full Fact
Alpha

Personalized
weighting

Users adjust the importance of
certain criteria or elements to tailor
the retrieved results based on
individual preferences.

Academic: [14, 43]

User-
generated
facets

Users create and define the criteria
or categories used for organizing
and filtering research results.

Academic: [43, 58]

Table 2. Tool features implemented in academic or industry practice for search and filter

We engaged in an iterative process of creating low-fidelity wireframes (see Appendix D). This
process helped design a claim prioritization tool that integrated different design features (as
described in Table 2) in a meaningful way to meet our research objective.
4RAND Corporation: https://www.rand.org/research/projects/truth-decay/fighting-disinformation/search.html
5Credibility Coalition: https://credibilitycoalition.org/
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For example, at this design stage, we first decided to develop a multi-dimensional ranking system
in order to enhance algorithmic transparency, enabling fact-checkers to explore how different
facets of checkworthiness could influence a unified, overall checkworthiness ranking. We also
know from prior work in other expert search domains (e.g., legal [57, 59] and medical search [82])
that experts highly value transparent, controllable ranking functions. Our tool seeks to provide
such transparent ranking by 1) selecting established dimensions of checkworthiness, 2) making
those dimensions explicit, visible, and actionable in the user interface, and 3) providing real-time
updates to search results in response to user weight changes. Our work thus builds on both prior
technical work and a prior understanding of user needs in expert search domains, extending these
capabilities to support fact-checking tasks today.

In addition, because fact-checkers (individually or organizationally) may value different aspects
of checkworthiness that were not captured in our standard facets, we further integrated LLM
customization as another feature, allowing fact-checkers to extend our tool by incorporating
additional checkworthiness. Relatedly, we also expected that algorithmic transparency would be
promoted by keeping the search bar (topical relevance) separate from checkworthiness, motivating
separation between the search bar vs. the standard and LLM-customized checkworthiness facets.

More generally, we recognized that separating these functionalities aligns more effectively with
our research goals. As RtD prioritizes the discovery of design knowledge over the pursuit of optimal
solutions, particularly in contexts where user practices are ambiguous [22, 24, 94] (in our case, i.e.,
claim prioritization), we viewed these three features – topical search bar, standard checkworthiness
filters, and LLM-customized filters – as distinct yet valuable tools. They enabled participants to
articulate the differences and uncover use-inspired insights, guiding decisions about whether to
merge these features together or maintain them as separate components for designing future tools.

The final design specifications of the RtD prototype were:
(1) The prioritization tool needs to offer standard features comparable to those found in com-

monly used tools for fact-checkers, such as keyword and semantic search.
(2) Given that the assessment of claim checkworthiness is similar to a multidimensional relevance

judgment, fact-checkers should be able to filter claims based on multidimensional factors.
(3) Considering the subjectivity involved in claim prioritization, fact-checkers should have

the flexibility to determine the relative importance of multidimensional factors in different
situations. To enable this, personalized weighting on multi-faceted filters is important.

(4) As fact-checkers may have additional checkworthy factors that are important to them or
their organizations, the tool should offer a customizable function enabling fact-checkers to
explore additional checkworthy dimensions beyond those natively supported in the tool.

3.3 Prototype and Deploy the Design
After completing a high-fidelity wireframe based on the above design specifications, we imple-
mented design features into a functional software prototype. We then conducted pilot user testing
to identify potential usability issues that prevent our design from meeting the research goal and
to establish specific tasks and protocols for the formal evaluation studies to be conducted with
professional fact-checkers. In this section, we describe the user interface (Section 3.3.1) and the
technical implementation (Section 3.3.2). See Appendix E for a discussion of preliminary findings
from pilot tests.

3.3.1 User interface (UI). In the initial phase of pilot tests, we carried out heuristic evaluations [37]
with five graduate students with years of experience in misinformation research and fact-checking.
We asked them to experiment with the prototype to identify potential usability issues on whether
existing design features align with our design specifications. We present the final UI features in
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1

A

C

B

Semantic search 
and similarity 
adjustment

User-generated facet

D Claim lists for 
pagination, preview, 
and selection

Multi-faceted filters and 
personalized weighting

Fig. 2. Screenshots of our claim prioritization mockup. The mockup includes three main functions to search,
filter, and select claims over multidimensional checkworthiness: (A) semantic search to retrieve the most
relevant claims based on query similarity; (B) Multi-faceted filters and personalized weighting to filter or
rank claims that meet certain preset checkworthy dimensions; and (C) User-generated facets to create new,
customized dimensions using LLMs. Fact-checkers preview and select claims in view (D).

Figure 2. Collaborating with our pilot study participants, we imagined an idealized scenario for
how professional fact-checkers would use this UI in a real-world setting.

Imagining an Idealized Use of the UI. John, a professional fact-checker, is searching for
potential claims to check about COVID-19. He starts by using the search function (A) to look for
claims that might say, “COVID vaccine causes deaths.” John wants to focus on claims that express the
same meaning, similar to his query. He assigns a higher weight to the similarity slider. This action
reorganizes the results, positioning claims similar to his query at the top. To further refine his search,
John filters claims only “verifiable.” He checks the “verifiable” criterion at (B) and assigns a higher
weight to this criterion than other criteria. This helps him bring more verifiable claims to the top.
As he browses the results, he hovers over the text at (D) and previews its content to see additional
social media metrics, such as the number of reposts, quotes, and likes it has received. However,
he doesn’t find any particularly interesting claims. He then creates his own customized criteria,
named “political propaganda” at (C). He provides a detailed description of what a propaganda claim
might look like. This could include emotionally charged language, oversimplification of complex
issues, or a clear bias towards a particular political viewpoint. After creating this new criterion, he
assigns a higher weight to it, just like he did previously. John retrieves a different set of claims with
this new filter to meet his “political propaganda” criterion. He is more satisfied with these new
claims as they align with his current investigation focus.
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3.3.2 Technical implementation. We used the COVID-19 claim dataset developed by Alam et al. [2]
to build a domain-specific claim prioritization tool. The dataset contains 4,542 COVID-19-related
tweets, annotated for seven dimensions of checkworthiness as a multi-label classification task. Each
dimension includes binary labels on whether the tweet satisfies that criterion. To further simplify
our study, we selected four of the seven dimensions:

Verifiable: “A verifiable factual claim is a sentence claiming that something is true, and this
can be verified using factual, verifiable information such as statistics, specific examples, or
personal testimony.”
Likely false: “The stated claim may contain false information. False information appears
on social media platforms, blogs, and news articles to deliberately misinform or deceive the
readers.”
Likely harmful: “The stated claim aims to and can negatively affect the society as a whole,
specific person(s), company(s), product(s), or spread rumors about them.”
Interest to the public: “In general, topics such as healthcare, political news and findings,
and current events tend to be of higher interest to the general public.”

Regarding the other three dimensions annotated in Alam et al. [2]’s dataset, we used the overall
“Needs Verification” for our unidimensional baseline. We describe our baseline condition used
for experimental study in Section 3.4.2. The two checkworthy dimensions not used were another
variant on likely to cause harm and whether the claim merited government attention. Although the
dimensions we selected are highlighted as commonly known and important checkworthy factors,
as included in Table 1 and also reported by fact-checkers in Liu et al. [46] and Procter et al. [63]’s
studies. Compared to a full list of Table 1, other factors are omitted due to the lack of available
datasets. Additionally, as part of our research limitations, we discuss this in Section 5.3.

We employed different NLP models to achieve each design specification (outlined in Section 3.2).
First, we used SentenceBERT [64] as an embedding model to perform query semantic search. This
involved transforming each sentence in the dataset and the user query into the same embedding
space. This transformation enables us to retrieve claims similar in meaning to user queries using
cosine similarity. Second, to create multi-faceted filters, we split the dataset into training and testing
sets with a 2:1 ratio and built classification models based on the binary labels for each dimension.
Each classifier represents one dimension and was implemented using Scikit-learn [60] using

logistic regression, using random undersampling to address imbalanced labels methods6. All use the
same textual features, combining n-grams and Word2Vec embeddings7. Classifiers had an average
accuracy rate of approximately 70-75%. Initially, we implemented a “hard” filter effect in which
claims predicted as negative by the trained classifiers were completely filtered out. However, to
support personalized ranking, we changed this to a “soft” filter, ranking all claims by classifier
probability for each dimension rather than filtering any claims out.
As a baseline UI for unidimensional claim ranking, we also trained another logistic regression

classifier for a different annotation. After Alam et al. [2] first asked annotators to label different
checkworthy dimensions, annotators were finally asked whether or not they thought the claim
should be fact-checked. These annotations provide a unidimensional criterion for our baseline
condition. The same training process yielded an accuracy of 71% for predicting these labels.

To allow users to create customized checkworthy dimensions as new facet filters, we employed
LLMs as a flexible classifier. One of the exciting capabilities of LLMs is their ability to provide
zero-code solutions, where users express what they want in natural language. This LLM classifier
identifies whether claims meet the new dimension based on the written prompt (see Appendix C

6https://imbalanced-learn.org/stable/references/generated/imblearn.under_sampling.RandomUnderSampler.html
7https://radimrehurek.com/gensim/auto_examples/tutorials/run_word2vec.html
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for prompt template and Table 5 for prompt examples created by our participants). Participants
can use LLMs to create multiple checkworthiness dimensions. In both experimental and baseline
conditions, they can use LLMs with the prototype to create unlimited checkworthiness dimensions
through prompts, with each prompt defining one faceted filter.

The personalized ranking function multiplies each aforementioned model’s predicted probability
score by a user-customized weight in the range [0,1] and then aggregates the scores (see 𝑆𝑙 as a linear
weighting function in Equation 1). Based on the user assessment of the relative importance of various
dimensions, they can directly influence the ranking results by assigning weights to the customized
variable for each model, including semantic search, trained classifiers, and LLM classifiers. To
further enhance the sensitivity to weight changes and make the system more responsive to user
adjustments, we squared the output for each weighted score (see 𝑆𝑠 in Equation 2).
With 𝑆𝑙 , changes in the score primarily reflect variations in AI-predicted probability, offering

limited leverage over user weights. In contrast, 𝑆𝑠 ensures that the rate of change in the ranking
score increases alongside the user weight. Additionally, to satisfy that 𝑆𝑠 changes more rapidly than
𝑆𝑙 (i.e., 𝜕𝑆𝑠

𝜕𝑊𝑖
>

𝜕𝑆𝑙
𝜕𝑊𝑖

) and given that both 𝑃𝑖 and𝑊𝑖 range from 0 to 1,𝑊𝑖 must fall within the range of

(
1
2𝑃𝑖 , 1⌉︀, for 1 ≥ 𝑃𝑖 ≥

1
2 . This probability range corresponds to scenarios where the model predicts a

positive match for the checkworthy factor. Consequently, the squared weighting function increases
sensitivity to user-assigned weights for positive predicted claims (i.e., AI predicts that claims
satisfy this criterion). However, we acknowledge that this approach also risks disproportionately
diminishing the influence of user weights for negative predicted claims, underscoring the need for
further refinement.

𝑆𝑙 =𝑊1𝑃1 +𝑊2𝑃2 + ... +𝑊𝑖𝑃𝑖
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2
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We implemented our models on the Streamlit server and built the front-end8 using Python, AG-
Grid JS, and CSS. We used OpenAI’s gpt-3.5-turbo as our LLM to create customized classifiers9.
Codes can be accessed here 10.

3.4 Evaluate via a Mixed-Method Approach
Given our design prototype and study protocol, we proceeded to conduct amixed-method evaluation
with 16 professional fact-checkers. In this section, we describe our formal evaluation protocol,
including the study procedure and tasks (Section 3.4.1), participant recruitment (Section 3.4.3),
baseline condition (Section 3.4.2), and data collection and analysis (Section 3.4.4).

3.4.1 Study procedure and tasks. Our evaluation protocol includes three phases, as described in
Figure 3, including 1) task onboarding, 2) a within-subjects experiment, and 3) task reflection.
During the onboarding phase, we first prepared a tutorial video and a checklist to help fact-

checkers understand how to use each feature provided in the tool. Before the experiment phase,
participants were asked to fill out a pre-screening survey to measure the perceived importance of
the four checkworthiness dimensions (described in Section 3.3.2) with a pre-task interview to talk
about their current claim prioritization experience.

8Streamlit: https://streamlit.io/, AG-Grid: https://www.ag-grid.com/
9While more advanced GPT models now exist, the log probability needed for building the ranking function was only
available from gpt-3.5-turbo at the time of our implementation.
10Codes: https://github.com/JialingJia/claim_prioritization
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Task Onboarding1 Task Reflections3Within-subject Experiments2

Fig. 3. Flowchart of the within-subjects experimental procedure

Next, we scheduled an online meeting with each participant remotely to conduct the experi-
mental study. The within-subjects experiment required participants to perform claim prioritization
using two different interfaces: baseline (unidimensional claim) vs. treatment (multidimensional
checkworthy claim ranking). Participants were randomly assigned to two groups (i.e., Block A
or B), each using the two interfaces in a different order. Recall that our claims are drawn from
Alam et al. [2]’s COVID-19 dataset (Section 3.3.2). For participant use, the dataset’s test split was
further bifurcated into two portions: one used during the familiarization phase and the other used
in our actual experiment. We also used different sets of claims in each interface. While this creates
a potential difference due to topical effects between baseline vs. treatment conditions, we believe
this was justified by the benefit of preventing any learning or familiarization effects that could
occur if we had used the same claims in both conditions.
For the experiment, participants were asked to complete a series of claim prioritization tasks

using both interfaces. The tasks involved two stages. In the initial exploratory search, participants
identified as many interesting claims as possible, first without customized LLM filters and then
after creating them. Then, in a constrained selection phase, participants selected three claims they
deemed to be the most checkworthy out of all of the claims they had identified in the exploratory
phase. They were then asked to complete a post-system survey to evaluate their claim prioritization
satisfaction and search experience.

Finally, during the task reflection, participants were first required to assess their subjective use
experience via a post-task survey. Unlike the post-system one, this survey aims to assess fact-
checker final willingness for tool adoption in claim prioritization. They were then asked to recall
their claim selection experience by looking at their final selected claims and describing reasons for
selecting them. Additionally, we conducted a semi-constructed interview, asking them to reflect on
their overall use experience by comparing the baseline and experimental interfaces. A more detailed
task description of our claim prioritization tasks is presented in Appendix A. More details about
our pre-/post- interview questions, subjective evaluation metrics in the post-system/task survey,
and behavioral measurement across the three-stage experimental procedure are documented in
Appendix B.

3.4.2 Baseline condition. In both the experimental and baseline conditions, participants could
access features such as query search, user-generated facets powered by the LLM, and personalized
weighting options. The key distinction, however, lies in the ranking method. The baseline condition
employs a uni-dimensional checkworthiness ranking system trained on the overall “Needs Verifica-
tion” label from Alam et al. [2]’s dataset. This single checkworthiness facet, labeled “checkworthy,”
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ID Gender Region Position Years Organizational
Context

Language
Fact-checked

1 Male United States Fact-checker 4 Media English & Spanish
2 Female South Africa Fact-checker 2.5 Independent English & Afrikaans
3 Male United Kingdom Fact-checker 5.5 Media English
4 Female Australia Fact-checker 2.5 Media English
5 Male United States Fact-checker 16 Independent English
6 Female United States Researcher 17 Independent English
7 Male South Africa Fact-checker 4 Independent English & Afrikaans
8 Male India Fact-checker 2 Independent English & Hindi
9 Male Nepal Fact-checker 2.5 Independent English & Nepali
10 Female India Fact-checker 5 Independent English & Hindi
11 Male India Fact-checker 1.5 Independent English & Hindi
12 Female United States Fact-checker 2.5 Media English
13 Female United States Fact-checker 2 Independent English
14 Female United States Fact-checker 4 Media English
15 Male United States Researcher 2 Media English
16 Male Nepal Fact-checker 4.5 Independent English & Nepali

Table 3. Participant Demographics

is displayed in the left panel of the interface. Participants could adjust its weight using a slider,
similar to how they could prioritize other shared factors like query similarity (i.e., topical relevance
to the search query) and LLM-generated facets.

3.4.3 Participant recruitment. We screened global fact-checking websites listed in the Duke Re-
porters’ Lab11 and sent recruitment emails to various organizations. To ensure relevant expertise in
using claim-monitoring tools, we specifically targeted organizations that mentioned their partner-
ships with Meta or other technical fact-checking entities, such as Meedan or Full Fact. Fact-checkers
in these organizations are more likely to have experience using claim-monitoring tools provided by
their partnered tech companies. We recruited 16 participants, including 14 full-time professional
journalists who conduct fact-checks and 2 researchers affiliated with the organization with previous
experience as fact-checkers (Table 3). All participants took part in our study remotely via Zoom.
Each session lasted approximately 1.5 hours. Participants received Amazon Gift Cards or other
redeemable options available in their respective countries as compensation.
We intentionally sampled participants who had experience checking social media claims dur-

ing the recruitment process. We believe these participants help provide valuable insights as they
are more familiar with different search-related tools to look for claims. From the pre-screening
survey, all of our participants have used social media monitoring tools such as CrowdTangle,
TweetDeck, Trendolizer, Newswhip, or others. Eleven of them also used tools specifically devel-
oped for fact-checking, such as the Meta fact-checking tool, Full Fact Alpha, Meedan Check, or
others. Additionally, eight participants reported they always found claims using either social media
monitoring or fact-checking tools. Another eight participants said they frequently found claims
from these tools. Regarding how many claims they finally checked were from these tools, two

11Duke Reporters’ Lab: https://reporterslab.org/locations/
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participants mentioned almost all claims they checked come from these tools; eight participants
reported a very large portion (60% to 90%); and six participants stated a fair amount (40% to 60%).

3.4.4 Data collection and analysis. Data were collected throughout the three-phase evaluation pro-
tocol from multiple sources: the pre-screening survey, user interaction logs, post-task / post-system
questionnaires, and recordings from retrospective think-aloud and semi-constructed interviews.
We detail our measurement and data collection procedure in Appendix B. This section describes
how we conducted mixed-method analyses to achieve our two research goals (RG1 and RG2) and
associated RQ defined in Section 3.1.

To guide our data analysis, we define two research questions for each goal:

RG1 A practice-based examination of fact-checker practice and needs for claim prioriti-
zation
RQ1.1 How did participants assess the relative importance of the four checkworthy di-
mensions?
RQ1.2 How did participants apply different priorities among the four dimensions in claim
selection?

RG2 An evaluation of fact-checker use experiences for the claim prioritization prototype
RQ2.1 How did participants create customized LLM filters, and what were the benefits
and limitations?
RQ2.2 What were overall user experiences with our prototype (e.g., usage behaviors,
efficacy of claim selection, and subjective feedback)?

RQ1.1: To investigate the relative importance of the four checkworthy dimensions, we compared
what participants said in the pre-screening survey (i.e., self-assessment data) vs. their actions using
the prototype (i.e., user interaction logs). The self-assessment included three 5-point Likert scale
questions to evaluate each dimension <X>:

● Perceived importance: “<X> is an important factor resulting in the final fact-checked claim.”
● Ease of finding: “It is easy for me to identify <X> claims.”
● Criterion accuracy: “Claims that I finally checked are usually <X> as they first appeared”,
i.e., how accurately could participants predict whether a claim would ultimately satisfy
dimension <X> prior to conducting the fact-check?

Complementing Perceived importance, we further asked participants to implicitly rank the relative
importance of the four dimensions. Appendix F compares Perceived importance ratings vs. this
implicit ranking of dimension importance.
Regarding the other two rating questions, while Ease of finding asks how easy it is to identify

claims satisfying a given checkworthy dimension, Criterion accuracy asks how accurately fact-
checkers can predict whether a claim would satisfy the dimension prior to the fact-check. In other
words, while both ask fact-checkers about assessing checkworthy dimensions, Ease of finding gets
at initial impressions, whereas Criterion accuracy focuses on ultimate determinations.

Quantitative, observational statistics drawn from the user interaction logs include the following:

● Weight at selection: UI slider weights assigned to each checkworthy dimension at the time
of claim selection.
● Overall weight: slider weights assigned to each dimension at all time points sampled
throughout the task.
● Use frequency: The number of times participants adjusted each of the checkworthy dimen-
sion sliders.
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Whereas the unidimensional baseline UI had only a single slider (beyond the query similarity slider),
the multidimensional UI had a slider for each of the four checkworthy dimensions.We present
findings for RQ1.1 in Section 4.1.

RQ1.2:We adopted a similar mixed-method evaluation approach to understand how participants
apply different priorities to triage claims. First, we asked participants to describe how they would
filter and select claims before using the multidimensional interface. We then mapped out different
usage behaviors onto a step-series diagram. These usage behaviors include searching, changing
checkworthy sliders, making claim selections, etc. Additionally, we asked them to think aloud their
actions retrospectively after using the tool. By analyzing participant qualitative reflections and cross-
referencing these reflections with the step-series diagrams, we analyzed if any systematic processes
or behavior patterns participants developed to conduct claim selection efficiently. Findings for
RQ1.2 are in Section 4.2.

RQ2.1: To understand how participants create customized filters, we performed content analysis
over LLM prompts written and thematic analysis of qualitative reflections. We first extracted
prompts written by participants from the user interaction logs, which covered both conditions
when they used the unidimensional interface and the multidimensional one. During the post-
task interview, we asked participants about the benefits and limitations of using LLMs to create
customized filters. By comparing the written prompts with their qualitative reflections, we identified
if any written patterns exist and how they relate to the user intents of claim triage.We present
findings for RQ2.1 in Section 4.3.

RQ2.2: To assess overall user experience, we combine quantitative data analysis on observational
data from user interaction logs with a post-task questionnaire. Findings for RQ2.2 are presented
in Section 4.4.
Interaction logs were used to identify usage behaviors and effectiveness of claim selection and

recorded for both unidimensional and multidimensional interfaces. We compare the following
metrics:

● # Queries: The number of queries submitted by the participant.
● # Checkworthy slider changes: The number of times the checkworthy slider(s) were
changed.
● # Query similarity slider changes: The number of times the query similarity slider was
changed.
● # Selected claims: The number of interesting claims identified in the initial exploratory
stage (with or without using customized filters).
● # Final claims found checkworthy: Out of the three final claims selected, the number of
these that were initially found with or without customized filters.
● Conversion rate: the ratio # Final claims found checkworthy / # Selected claims

The post-task questionnaires were designed based on Marchionini [49]’s three types of search
activities for exploratory search: how participants Learn, Lookup, and Investigate claims. Also,
the post-system questionnaire was conducted to collect participant Perceived usefulness and Ease
of use of the tool. We then conducted a thematic analysis of the post-task interview recordings.
By cross-validating these quantitative data with participant qualitative reflections, we reported
whether participants preferred using a unidimensional or multidimensional interface.

4 Findings
We now address the four research questions from the previous Section (3.4.4), using measures and
statistics defined there. First, how did participants assess the relative importance of the four check-
worthy dimensions? (RQ1.1, Section 4.1). Second, how did participants apply different priorities
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among the four dimensions in claim selection? (RQ1.2, Section 4.2). Third, how did participants
create customized LLM filters, and what were the benefits and limitations? (RQ2.1, Section 4.3).
Finally, what were overall user experiences with our prototype (RQ2.2, Section 4.4).

4.1 Fact-checker Perceptions and Priorities of Multidimensional Checkworthiness
We assess how fact-checkers evaluate the four-dimensional checkworthiness from descriptive
statistics and significance testing (RQ1.1). We organize the quantitative results based on the different
measurements (Section 3.4.4) and then comparatively analyze different results. We also discuss
reasons fact-checkers report for their different priorities.

Given the relatively small scale of data in our user study, we primarily conducted non-parametric
tests. The Friedman test was used to evaluate differences in participant quantitative data across four-
dimensional checkworthiness. Subsequent pairwise Wilcoxon signed-rank tests were conducted
if the Friedman test first found that at least two checkworthy dimensions showed significant
differences vs. one another (see post-hoc results in Appendix H).

4.1.1 Perceived importance. As shown in Table 4, “Likely harmful” had mean average rating of
(𝑀 = 4.81). The score decreased from “Likely false” (𝑀𝑓 𝑎𝑙𝑠𝑒 = 4.63) to “Interest to the public,”
(𝑀𝑝𝑢𝑏𝑙𝑖𝑐−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = 4.50) and “Verifiable” (𝑀𝑣𝑒𝑟𝑖 𝑓 𝑖𝑎𝑏𝑙𝑒 = 4.44). The median scores were the same for
each dimension (𝑀𝑒𝑑𝑖𝑎𝑛 = 5). “Verifiable” received the lowest average rating but had the largest
standard deviation (𝑆𝐷 = 1.21), indicating the greatest variation in opinions among our participants.
No significant differences were found across these four dimensions (𝑋 2

= 1.824, 𝑝 > 0.05).

Measures
Four dimensions of checkworthiness

Friedman 𝑋 2Verifiable Likely false Likely harmful Interest to public
M(SD) Median M(SD) Median M(SD) Median M(SD) Median

Self-assessment Ratings
Perceived importance 4.44(1.21) 5 4.63(0.62) 5 4.81(0.40) 5 4.50 (0.82) 5 1.82(0.60)
Ease of finding 4.13(0.96) 4 3.69(1.08) 4 4.31(0.87) 4.5 4.25(1.00) 4.5 11.73(0.00)
Criterion accuracy 4.13(1.06) 4 3.87(0.74) 4 4.20(0.77) 4 4.07(0.70) 4 1.87(0.59)

Observational Data
Weight at selection 0.79(0.27) 0.93 0.75(0.28) 0.82 0.64(0.36) 0.69 0.45(0.41) 0.29 2.37(0.30)
Overall weight 0.77(0.26) 0.83 0.73(0.28) 0.81 0.62(0.31) 0.69 0.39(0.35) 0.26 0.98(0.04)
Use frequency 2.69(1.96) 2.50 2.25(1.24) 2.00 3.06(3.49) 1.00 2.13(2.75) 1.50 6.15(0.61)

Table 4. Mean (M), standard deviation (SD), and median statistics over participant data for different measures
(rows, Section 3.4.4) and checkworthy dimensions (columns). Self-assessment data (top 3 rows) come from
5-point Likert scale answers, while observational data (bottom 3 rows) is drawn from interaction logs for the
different UI sliders. Bold results indicate at least two checkworthy dimensions showed statistically significant
differences (Friedman test at p < 0.05). We observe significant differences between checkworthy dimensions
for “Ease of finding” and “Overall weight” measures. Post-hoc test results are presented in Appendix H.

4.1.2 Ease of finding. Participants generally agreed that “Verifiable” and “Likely false” claims were
more difficult to initially identify (𝑀𝑣𝑒𝑟𝑖 𝑓 𝑖𝑎𝑏𝑙𝑒 = 4.13,𝑀𝑑𝑛𝑣𝑒𝑟𝑖 𝑓 𝑖𝑎𝑏𝑙𝑒 = 4,𝑀𝑓 𝑎𝑙𝑠𝑒 = 3.69,𝑀𝑑𝑛𝑓 𝑎𝑙𝑠𝑒 = 4).
Significant differences were found in the Friedman test (𝑋 2

= 11.735, 𝑝 < 0.05). From the post-hoc
test (see Table 12 in Appendix H), “Likely false” was rated significantly lower than “Likely harmful”
and “Interest to the public” but had no significant difference from “Verifiable.”

4.1.3 Criterion accuracy. Recall that Ease of finding gets at initial impressions in assessing a
checkworthy dimensionwhereasCriterion accuracy focuses on final assessments post-check (Section
3.4.4). In this final assessment, “Likely false” also received the lowest rating (𝑀 = 3.89), but no
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significant difference was observed (𝑋 2
= 1.878, 𝑝 > 0.05). These results suggest that among the four

dimensions, “Likely false” claims may be the most challenging to find, not only initially, but that
initial impressions of likely false claims may also prove incorrect after conducting the fact-check.

4.1.4 Weight at selection. Slider weight for “Verifiable” had the highest mean weight at claim
selection (𝑀 = 0.79). Lower mean weights at claim selection were seen for “Likely false” (𝑀𝑓 𝑎𝑙𝑠𝑒 =

0.75), “Likely harmful” (𝑀ℎ𝑎𝑟𝑚𝑓 𝑢𝑙 = 0.64), and “Interest to the public” (𝑀𝑝𝑢𝑏𝑙𝑖𝑐−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = 0.45). No
significant differences were found (𝑋 2

= 2.375, 𝑝 > 0.05).

4.1.5 Overall weight. For slider weights across all times during the task, a similar pattern with
significant differences (𝑋 2

= 6.156, 𝑝 < 0.05) is observed. Further tests (see Table 13 in Appendix
H) show that the weight of “Verifiable” was only significantly higher than “Interest to the public,”
which was significantly lower than the other dimensions.

4.1.6 Use frequency. Regarding the number of times participants adjusted each dimension’s slider
weight, participants used “Likely harmful” more frequently (𝑀 = 3.06) than other dimensions.
Frequency of usage decreased with “Verifiable” (𝑀𝑣𝑒𝑟𝑖 𝑓 𝑖𝑎𝑏𝑙𝑒 = 2.69), “Likely false” (𝑀𝑓 𝑎𝑙𝑠𝑒 = 2.25),
and “Interest to the public” (𝑀𝑝𝑢𝑏𝑙𝑖𝑐−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = 2.13). However, no significant differences were found
across dimensions for Use frequency (𝑋 2

= 0.980, 𝑝 > 0.05).

4.1.7 Comparison and conclusions. Self-assessments did not show a high variation across par-
ticipant perceptions of the importance of the four dimensions. However, user interaction logs
indicated that “Verifiable” and “Likely harmful” were considered relatively more important as
these two dimensions either received the highest average weight or were used most frequently.
In contrast, “Interest to the public” was not deemed important or used often, as evidenced by
comparing participant self-assessment with their actual behaviors. These results confirm that our
participants have different priorities over the checkworthy dimensions.

4.1.8 Why do fact-checkers have different priorities? One reason is that fact-checking organizations
have different priorities. For example, some participants (P4, 5, and 13) mentioned that their fact-
checking organizations primarily check political claims. Another important reason reported is the
changing news environment: as news events develop, priorities over checkworthiness dimensions
also evolve. Such dynamism is further discussed in Section 5.1.3.

As the name of the profession indicates, fact-checkers check facts, sowhether a claim is “Verifiable”
is clearly at the heart of fact-checking. For example, in their training sessions, the first lesson
fact-checkers often reported learning is to identify “Verifiable” facts, such as numerical assertions.
However, some participants (P9, 10, 16) viewed “Verifiable” as the least important criterion (see Table
10 in Appendix F) among the four checkworthy dimensions, and more participants consider “Likely
harmful” as the most or equally important. One might assume fact-checkers prioritizing potential
harm ahead of verifiability do so simply as a logistical matter, e.g., it being faster or easier to first
consider one before the other. However, we were surprised that three of our participants from India
(P8, 10, 11) seemed to articulate the fact-checking enterprise to have a broader social responsibility
beyond fact-checking, including preventing or mitigating harms unrelated to factuality. Given an
opinionated claim that was not verified, one might try to balance it against other relevant opinions
to help stave off civil unrest and violence. We discuss this emphasis on harm over verifiability
further in both the next Section 4.2 and in later discussion in Section 5.2.

4.2 Fact-checker Hierarchical Approach for Claim Prioritization
How did participants apply different priorities among the four dimensions in claim selection
(RQ1.2)? Sehat et al. [72] reported the absence of any systematic approach to claim prioritization
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based on their interviews with fact-checkers, particularly in prioritizing harmful claims. In contrast,
our participants appeared to develop an inherent hierarchical approach to filtering and selecting
claims according to the relative importance of different dimensions. This difference likely stems
from our study’s inclusion of observation beyond participant self-reporting. In particular, our
understanding arose from two distinct sources of evidence: 1) qualitative responses describing how
participants believed they would filter and select claims using the four checkworthy dimensions,
and 2) observational data showing how participants actually selected claims through an iterative
process that involved applying different checkworthy filters.

“Is this claim likely to 
cause harm, given 
evidence of significant 
public interest on social 
media?”

“Is this claim practically 
verifiable? Are their 
factual evidence used to 
fact-check it?”
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“Is this claim likely to 
cause harm, given 
evidence of significant 
public interest on social 
media?”

Level 3:  
Less important factors 
considered when others 
are unmet

CheckSatisfied

CheckSatisfied

Not satisfied Not check

Satisfied



Start evaluating other factors

“We don’t always fact-
check things that are false 
or mostly false. We include 
those why something 
true?”

Not satisfied



Consider other factors

“Is this claim practically 
verifiable? Are their 
factual evidence used to 
fact-check it?”

Fig. 4. Claim prioritization strategy. Participants follow a sequential process to evaluate various factors for
fact-checking. Level one includes prerequisite factors that must be satisfied before considering other factors.
Levels two and three involve additional factors, but they differ in their importance. If the more important
factors are not met, fact-checkers then evaluate less important factors.

Our analysis suggests a three-level hierarchy (Figure 4). First, claim assessment begins with
filtering based on prerequisite dimensions: mandatory criteria that must be met. Next, participants
assessed other criteria we refer to as important but more contextual. Finally, fact-checkers may also
consider other, less important criteria as time allows. The most important dimensions (and time) are
thus prioritized while remaining open to other dimensions when possible. To support this finding,
we present qualitative responses and quantitative data detailing this hierarchical process.

4.2.1 Prerequisite dimensions. Some participants (P2, 3, 4, 5, 13, 14) reported that they would first
find a set of claims that are “Verifiable” because this dimension is the prerequisite criterion for
fact-checking:
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“Verifiability is non-negotiable, so that comes first, public interest and harm are looked
at together, and weighed up against each other, as they interact with one another.” (P2)
“Of course, when you’re doing an organic search, you are looking for something that’s
verifiable. But then, when you find something that’s verifiable, I guess those other factors
come through.” (P3)

As noted in the previous Section 4.1, we were surprised to learn that three participants from India
(P8, 10, 11) viewed “Likely harmful” as the prerequisite condition. Potential regional differences are
discussed in Section 5.2.

“So when you’re checking a claim, when something is really harmful, even if it is not a
direct fact check, we will try to balance it with many relevant opinions. That opinion can
respond and further trigger a domino effect of misinformation” (P8) “If a claim is harmful,
I think that should be given more attention than the verifiable one. As fact-checkers, we
can move to a verifiable claim [easily] if it takes us less time.” (P10)

4.2.2 Important but contextual dimensions. Next, participants started considering secondary, im-
portant but contextual dimensions. Those who initially looked at “Verifiable” claims tended to then
consider “Likely harmful”, but preferred to assess it alongside “Interest to the public.” If a harmful
claim stood out, they used public interest as a benchmark to decide whether it warranted further
investigation. Those who first prioritized “Likely harmful” also used “Interest to the public" as a
secondary gauge. Considering both together was thought to prevent misinformation amplification
(P2, 13):

“If a claim has the potential to cause harm, but isn’t very interesting to the public, then
publishing a fact-check on it might just platform the claim and give it more fuel." (P2)

However, both dimensions are very subjective and contextual. For example, participants pointed out
that public interest might not be easily measured. Social media metrics could be used to understand
how viral a claim is across platforms, then project the range of impact on public interest, but they
also often relied on their intuition:

“If we see a very harmful claim but not viral yet, I will beg to differ here... If that claim
is reaching me on the WhatsApp helpline, that means it’s viral in some sense. If I’m just
typing keywords on Facebook or Twitter and I hardly find few posts on the pool, that means
it’s not viral on these platforms. If a claim is not viral anywhere, we are just discussing it
internally in the newsroom; I would still take an editorial decision to fact-check it. If we
are discussing it, it is also somewhere else being discussed.” (P10)

Only a few participants (P3, 6, 14) mentioned that they would consider “Likely false” after first
filtering “Verifiable” claims due to their organizational partnerships with social media platforms,
which prioritize addressing false claims.

4.2.3 Less important dimensions. Participants occasionally checked claims that only partially
satisfied the checkworthy dimensions in our study. These decisions tended to be driven by personal
curiosity or journalistic intuition:

“We don’t always fact-check things that are false or mostly false. Sometimes, we fact-check
things that are half true or mostly true. We include those because sometimes we are curious:
why is something true? I think that goes a bit like public interest; if an average person
is curious about this topic, would they want to learn more about it? So we write those
fact-checks to explain why something might be true and give more context.” (P14)

4.2.4 Comparing observational data with self-reporting. By tracking participant slider weights
used for each checkworthy dimension, we observed a pattern of slider weight usage consistent
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with the prioritization hierarchy posited above. First, for the prerequisite dimensions, participants
would assign weights that consistently remained higher than other dimensions. In addition, for
important but contextual dimensions, participants would changeweights dynamically and frequently
throughout multiple rounds of selecting claims. Finally, for less important dimensions, participants
would assign smaller weights or ignore these dimensions completely.

To visualize our log data and the weighting patterns described above, we map each participant’s
actions onto a step-series diagram over the initial exploratory claim-finding task. Each diagram
shows that participant slider weight changes for each of the four checkworthy dimensions natively
supported, as well as a fifth checkworthy dimension once they created a custom LLM search filter
for it. We show diagrams for all participants in Appendix I but include two illustrative examples
below. These examples highlight the hierarchical approach for claim prioritization we observed, and
we accompany each diagram with explanations from each participant’s retrospective think-aloud.

Example 1–Prerequisite dimension: “Verifiable” ● Important but contextual dimension: “Likely
false” ● Less important dimensions: “Likely harmful” and “Interest to the public”. Figure 5 presents
participant P7’s diagram. P7 first entered a search query, then adjusted the “Verifiable” and “Likely
false” sliders to 0.5 each. After selecting his first claim, P7 then modified the search query and
changed the slider values, increasing the “Verifiable” slider to 0.75 and reducing the “Likely false”
slider to 0.26. In his retrospective think-aloud, he shared that he strongly preferred “Verifiable” in
his searches: “I didn’t really see a reason to turn it down or use it less.” He viewed the other dimensions
as more context-dependent, saying that “The others, I felt were more situational. I only felt I needed
to tweak them when I had done a search or when I was unsatisfied with the results.” This explains
why he decreased the weight of "Likely false."
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Fig. 5. Slider weight changes by participant P7 during an exploratory search are mapped onto a step-series
diagram. The X-axis shows key events during the task. The left Y-axis lists checkworthy dimensions: the four
standard dimensions above a fifth LLM-customized dimension created by P7. For each dimension, horizontal
bars show slider weight over time for that dimension, where bar opacity varies from transparent to opaque as
slider weight varies in the range [0,1]. Slider weights are initialized to 0.10 and reset to this value when a
customized LLM filter is created. The right Y-axis shows our manual analysis of the hierarchical importance
of each dimension (Section 4.2), where P denotes a prerequisite checkworthy dimension, C denotes important
but contextual, and L denotes less important.

Example 2–Prerequisite dimensions: “Interest to the public” and “Likely harmful” ● Important
but contextual dimension: “Likely false” ● Less important dimension: “Verifiable”. Participant P10
had completely different priorities over the four checkworthy dimensions but exhibited a similar
weighting pattern based on the three-level hierarchy (Figure 6). He first set the “Interest to public”
slider to 0.99 and quickly selected his first claim. He then adjusted the “Likely harmful” and “Likely
false” sliders to a maximum value of 1 (100%). He briefly turned off the “Interest to public” slider
but soon reactivated it and kept it to the maximum value consistently over time. He did the same
for the “Likely harmful” slider. Following these adjustments, he selected the second and third times.
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Finally, he deactivated the “Likely false” slider, set the “Verifiable” slider to its maximum value
of 1, then selected again. In his retrospective think-aloud, P10 said that a claim with potential
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Fig. 6. Participant P10’s step-series diagram. See Figure 5’s caption for figure interpretation.

harm and relevance to public interest should take precedence over its verifiability: “I can keep some
[sliders] aside and look at something that will cause more harm than a verifiable claim.” As indicated
in the step-series diagram, he kept the “Likely harmful” and “Interest to the public” sliders at their
maximum weights when selecting claims. He occasionally used the “Likely false” slider and used
the “Verifiable” slider only once.
We summarize all participant diagrams in Appendix I. Eight participant weighting patterns

revealed a complete and clear three-level hierarchy (P2-4, P7, P10, and P14-16), while six participants
only partially demonstrated a two-level hierarchy (P1, P5-6, P8, and P11-12). This might be due to
limited interaction data (e.g., use frequency and changes in slider weights) or insufficient qualitative
reflections from participants for us to validate each hierarchical level. With these participants, it
seemed more difficult to distinguish between important but contextual and less important levels.
The behavior of two participants (P9, P13) did not reflect any hierarchy. P9’s weighting behavior
was inconsistent with his reflections, and P13 did not use any checkworthy filter.

4.3 Targeted versus Abstract Prompting for Defining New Checkworthy Dimensions
RQ2.1 explores how participants created customized LLM filters and the corresponding benefits and
limitations. Customizable, user-generated filters enable users to filter for additional checkworthiness
dimensions when keyword search and natively-supported checkworthy filters prove insufficient.
When participants write LLM prompts in natural language, we can also explicitly understand what
potential needs they have and how they express these needs.

Prompts written by participants ranged from specific to abstract, including 1) targeted prompts
to retrieve claims with specific topics or particular types of claims and 2) abstract prompts as
benchmark relevance criteria for claim exploration. We categorize these prompts according to
different user intents (Table 5), which helps us understand the reasons participants created them.
These intents also emphasize both specific and general fact-checking information needs, given
their familiarity with the fact-checking topics. We now proceed to describe how participants used
LLMs to write targeted and abstract prompts.

4.3.1 Targeted prompts. This type of prompts represents fact-checker precise information need
for topics they are familiar with. For example, in Table 5, the prompt named “VAERS”, is written by
P13. The participant said:

“I’ve done a lot of reporting on this [VAERS] and I’m familiar with the language, that’s
like a huge subsection of COVID-19 claims... prompt like this helps me locate them.” (P13)

Participants explained that when using LLM filters, they combined multiple topically relevant
keywords within a long-context window. In contrast, when using topical search, they typically
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User Intent Prompt name Prompt text

Search claims
containing multiple
queries or narratives

VAERS I want to identify claims that mention the Vaccine Adverse
Event Reporting System, COVID-19 vaccine-related deaths,
and COVID-19 vaccine-related adverse events and reactions.

Covid and
vaccine
deaths

Identify claims that appear to cite different figures regarding
COVID, including COVID deaths, deaths associated with
COVID vaccines, and COVID cases.

Vaccine
denying

Claims that are in denial of vaccine efficacy, where users
cite bogus reports, data, or exaggerated personal
experiences to claim that vaccines are either useless or
cause more harm than good.

Filter claims based
on different claim
attributes

Opinions Claims aim to confuse the public about the efficacy of
prevention measures.

Statistics Claims made about numbers or percentages.
Quotes Claims that quote famous personalities regarding the data

related to COVID-19.

Filter claims by
multidimensional
relevance

Likelihood to
spread

I want to identify claims that are likely to have a
far-reaching spread. Claims that are extreme and are likely
to create fear and panic have the potential to reach a wider
audience.

Chaos The content is aimed to cause chaos among the population.
Public
interest

Claim that it is important for the public health and its
implication.

Table 5. Prompt examples written by participants, including how they named their prompts in our interface
and their actual input prompt texts. We organize these examples according to different user intents.

entered each keyword separately. For example, the prompt description of ‘VAERS’ consists of three
phrases (see Table 5). While these phrases are closely related, each conveys subtle differences in
meaning. Participants noted that including multiple relevant keywords in the LLM prompt helped
them save time. P14 directly compared it with keyword search, saying “I think the difference would
be one less thing I would have to put in the search bar.”

Additionally, participants noted that using LLMs helped better refine searches with more precise
natural language. This precision might not be easy to achieve with traditional keyword or semantic
searches. For example, P15 mentioned that he could write LLM prompts to explicitly filter death-
related COVID claims made only by anti-vaxxers, thereby excluding other death-related claims
that often appeared together in traditional keyword or semantic searches:

“The main problem of keyword search is that [it] often does not bring out best results. If
you’ll give a prompt search. For instance, it could be a prompt that I want death claims
that are made by anti-vaxxers, who think that vaccines cause harm, not death claims
made by COVID. So those clear-cut narrow prompts bring out the exact result I want, just
anti-vaxxers claiming that happened. If you search it as a term, like a keyword, both
results will come and there won’t be any difference.” (P15)

However, this also requires participants to write sufficient details in the prompt to ensure LLMs
can retrieve targeted results accurately. Many participants (P4, 9, 10) noted that there is a learning
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curve to writing effective prompts [25], perhaps akin to the effort required to write effective queries
in the early days of search engines. As search engines increasingly exploit LLM technology to
better interpret user queries [1], the added value of having a separate mechanism for writing LLM
prompts as custom filters may correspondingly diminish. See further discussion in Section 5.

4.3.2 Abstract prompts. Unlike targeted prompts, where fact-checkers can explicitly specify the
claims they want to investigate, abstract prompts are used to filter claims when fact-checkers are
unsure which claims are worth checking. This reflects an exploratory fact-checking stage when
they are less familiar with specific news topics or events at the beginning. Participants noted that
writing these prompts aligned with strategies they typically used in faceted filtering and browsing,
enabling them to efficiently extract relevant information based on specific attributes or relevant
factors.

For example, in Table 5, the prompt named “likelihood to spread”, is written by P3. This participant
noted that one key linguistic attribute of misinformation is the use of highly “loaded language”.
Featuring this type of language in the prompt helps identify misinformation that might spread
widely: “I add a facet that says likelihood to spread, basically the main criteria would be loaded
language, usually used to evoke chaos, fear, and harm for the public.” (P3)
Additionally, P1 created the prompt “chaos” to identify claims that broadly hint at potentially

harmful outcomes. This participant also created another prompt, “confusion,” aimed at uncovering
“claims aimed at misleading the public about the effectiveness of prevention measures.”

Participants said these abstract prompts could be very useful for exploratory search, especially
when they are unfamiliar with specific news topics. Their LLM goal in such cases was to explore
what potential claims LLMs could offer them based on high-level relevance factors, including the
semantics or outcomes suggested by the claims, as a starting point for pursuing more specific,
targeted claims:

“I think that the LLM could be more useful if you’ve had less experience or you want to
have a broader idea than a specific query to [let it] find things for you.” (P12) “For more
general things like news that emerged recently, if I don’t know what kind of information
I’m searching for, giving a pointer instruction to the results could be very helpful.” (P15)

4.3.3 Comparing written prompts with existing checkworthy factors. Since targeted prompts reflect
fact-checker specific information needs, while abstract prompts align more closely with multi-
dimensional relevance judgments, we compare participant abstract prompts to the checkworthy
factors outlined in Table 1. We found that some prompt descriptions written by participants align
closely with existing checkworthy literature, particularly in their focus on harmfulness, public
impact, and statistical claims, which correspond to the “Harmful,” “Public interest,” and “Checkable”
factors, respectively described in Table 1. Additionally, some prompts that describe the chaos and
confusion caused by misinformation offer alternative interpretations of harmfulness.
However, a notable distinction in the written prompts is that participants would intentionally

integrate the fact-checking topic, such as COVID-19, into the description of these checkworthy
factors. For example, P9 created a customized facet called “Vaccine causes harm” (similar to the
existing harmful filter) but elaborated on: “Claims that vaccines are dangerous, often based on
unreliable information, frequently include narratives that a specific group intends to cause harm or
lead to death.” This highlights that while checkworthiness can be defined as several general relevant
factors useful for exploratory claim searches, fact-checkers tend to contextualize these factors based
on their familiarity with the topic, making them more topically relevant. Unlike traditional preset
filters, which depend on curated datasets to train predictive models and may be less accurate when

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW292. Publication date: November 2025.



CSCW292:26 Houjiang Liu, Jacek Gwizdka, and Matthew Lease

applied to out-of-distribution datasets, participants can create LLM filters that incorporate richer
contextual information, including insights that might be underrepresented in the training data.
Additionally, we also found that certain factors from Table 1, such as “Already checked,” “Am-

plification,” and “Difficulty,” were not explicitly written by participants in the prompts. Since this
analysis is a post-hoc comparison, we were unable to ask fact-checkers whether these factors were
overlooked intentionally or for other reasons. One hypothesis could be that for “Already checked”
claims, fact-checkers have already used the topical search or written targeted prompts to see if
the dataset contains those already checked claims. In contrast, factors like “Amplification” and
“Difficulty” might be perceived as too abstract. Fact-checkers might doubt the LLM ability to reliably
capture these factors, underscoring the need for further investigation.

4.4 Fact-checker Use Experience and Claim Selection Effectiveness
We next report on participant overall use experience with the tool (RQ2.2), including 1) their usage
behaviors in claim exploration (Section 4.4.1), 2) their effectiveness in selecting claims during search
and filtering (Section 4.4.2), and 3) their subjective reflections (Section 4.4.3).

4.4.1 Usage behaviors in claims exploration. Table 6 compares the mean (and standard deviation)
of different behavioral measures between the unidimensional vs. multidimensional interfaces in the
absence of any customized filters. Results show significantly greater use of checkworthy sliders with
the multidimensional interface (𝑀 = 6.44) vs. the unidimensional one (𝑀 = 1.38). Regarding use of
the main search box, we also see more queries (𝑀𝑢𝑛𝑖 = 2.00 vs.𝑀𝑚𝑢𝑙𝑡𝑖 = 2.56) and query similarity
slider changes (𝑀𝑢𝑛𝑖 = 1.12 vs.𝑀𝑚𝑢𝑙𝑡𝑖 = 1.44), though these difference were not significant. As P6
noted, “adding multidimensions helps you broaden your search a little bit.”

Measures Unidimensional
𝑀(𝑆𝐷)

Multidimensional
𝑀(𝑆𝐷)

Wilcoxon
𝑊 (𝑝)

# Queries 2.00(2.48) 2.56(3.41) 10.00(0.25)
# Checkworthy slider changes 1.38(0.96) 6.44(5.84) 0.00(0.00)
# Query similarity slider changes 1.12(2.47) 1.44(2.63) 1.5(0.19)
# Selected claims 5.25(5.56) 5.44(3.52) 43.50(0.57)
# Final claims found checkworthy 1.44(1.03) 2.06(0.77) 18.0(0.04)
Conversion rate 0.30(0.21) 0.36(0.19) 31.50(0.55)

Table 6. Comparing unidimensional vs. multidimensional interfaces in the absence of any customized LLM
filters. Mean (M) and standard deviation (SD) of different behavioral measures (Section 3.4.4) are bolded if
statistically significant for the Wilcoxon signed-rank test at p < 0.05. Results show that the multidimensional
interface generates significantly more interactions with the checkworthy dimension sliders (i.e., weight
changes) and ultimately yields more checkworthy claims being selected.

Table 7 compares the mean (and standard deviation) of different behavioral measures with vs.
without customized LLM filters for unidimensional and multidimensional interfaces. Once the
customized filter was added, significantly fewer queries (𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 2.56 vs.𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 =

0.50) and query similarity slider changes (𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 2.63 vs. 𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 0.72) were
observed with the multidimensional interface. We also observed fewer checkworthy slider changes
(𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 6.44 vs.𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 3.69) though this difference was not significant. Similar
patterns were found when participants used the unidimensional interface, though no significant
differences were observed. These results align with the qualitative responses (Section 4.3). For
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Measures Unidimensional Multidimensional
Standard
𝑀(𝑆𝐷)

Standard +
Customized

𝑀(𝑆𝐷)

Wilcoxon
𝑊 (𝑝)

Standard
𝑀(𝑆𝐷)

Standard +
Customized

𝑀(𝑆𝐷)

Wilcoxon
𝑊 (𝑝)

# Queries 2.00(2.48) 1.06(1.81) 8.0(0.159) 2.56(3.41) 0.50(0.89) 0.0(0.01)
# Checkworthy slider changes 1.38(0.96) 1.31(1.25) 15.0(0.67) 6.44(5.84) 3.69(3.74) 23.0(0.12)
# Query similarity slider changes 1.12(2.47) 0.56(1.03) 6.0(0.68) 1.44(2.63) 0.38(0.72) 2.5(0.04)
# Selected claims 5.25(5.56) 4.06(2.43) 40.0(0.428) 5.44(3.52) 4.75(2.46) 48.0(0.78)
# Final claims found checkworthy 1.44(1.03) 1.88(1.02) 33.0(0.26) 2.06(0.77) 1.75(0.19) 33.5(0.20)
Conversion rate 0.30(0.21) 0.45(0.28) 31.0(0.099) 0.36(0.19) 0.35(0.19) 42.5(0.83)

Table 7. Comparing behavioral measures (Section 3.4.4) with vs. without customized filters for unidimensional
and multidimensional interfaces. Mean (M) and standard deviation (SD) results are bolded if statistically
significant for the Wilcoxon signed-rank test at p < 0.05. Results show that the number of queries and query
similarity slider changes significantly decrease in the multidimensional interface with the customized LLM
slider. A decrease was also seen with the unidimensional interface, but it was not significant.

example, P14 explained that, compared to keyword search, using LLM “would be one less thing to
put in the search bar.”

4.4.2 Success in finding checkworthy claims. In this section, we compare how successful partici-
pants were in finding checkworthy claims. We first compare unidimensional vs. multidimensional
interfaces. We then compare success with or without using customized LLM filters.
Unidimensional vs. Multidimensional. Table 6 shows that the multidimensional interface

exerted a small but insignificant positive influence on claim selection vs. the unidimensional
interface. All related measures showed a slight increase with the multidimensional interface,
such as the number of selected claims (𝑀𝑢𝑛𝑖 = 5.25 vs. 𝑀𝑚𝑢𝑙𝑡𝑖 = 5.44), final checkworthy claims
(𝑀𝑢𝑛𝑖 = 1.44 vs.𝑀𝑚𝑢𝑙𝑡𝑖 = 2.06), and the conversion rate (𝑀𝑢𝑛𝑖 = 0.30 vs.𝑀𝑚𝑢𝑙𝑡𝑖 = 0.36).

Table 8 compares the number of unique claims found cumulatively across all 16 participants in
(first | second) task stages. While participants found more unique claims in the first exploratory
stage using the unidimensional interface (𝑇𝑢𝑛𝑖 = 63 vs. 𝑇𝑚𝑢𝑙𝑡𝑖 = 43), this reversed in the second
stage when participants narrowed down to the three claims they each found most checkworthy
(𝑇𝑚𝑢𝑙𝑡𝑖 = 23 vs.𝑇𝑢𝑛𝑖 = 19). Thus, while the unidimensional interface might generate more potentially
checkable claims, the multidimensional interface ultimately yielded the most claims to be checked.
This difference may be due to participants spending more time refining queries and reviewing
claim results since they do not need extra time to explore the multi-faceted filters when using
the unidimensional interface. Although we did not enforce the time limit and remind participants
during the experiment, this could still lead to identifying more checkable claims.

To address potential inefficiency in selecting claims using multidimensional checkworthiness in
the exploratory phase, future work might initially prioritize AI-recommended claims that meet
different dimensions to reduce the effort required for claim exploration (see Section 4.2). Once
fact-checkers have quickly investigated these claims, they could then use the multi-faceted sliders
to triage claims involving trade-offs between dimensions.

With vs. without LLM customized filters.While differences in claim selection with vs. without
LLM use were not significant (at least with 16 participants), we discuss small differences observed
that could be further investigated with more participants. In particular, success with customized
filters to select claims appeared varied depending on unidimensional or multidimensional interface
conditions. As shown in Table 7, when participants used the unidimensional interface, adding
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Conditions Unidimensional Multidimensional Total unique claims

Standard 63 | 19 43 | 23 171 | 56
Standard + Customized 49 | 26 50 | 19 141 | 58
Total unique claims 87 | 36 72 | 31 -

Table 8. Comparing the number of unique claims found cumulatively across all 16 participants in (first |
second) task stages using unidimensional vs. multidimensional interfaces, with vs. without customized search
filters. While participants find as many interesting claims as possible in the first stage, this set is narrowed in
the second stage to three claims they each deem most checkworthy.

customized dimensions led to a decrease in the number of selected claims (𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 5.25 vs.
𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 4.06). However, there was also an increase in the number of final checkworthy
claims (𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 1.44 vs. 𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 1.88). There were also fewer unique claims
selected in the first stage (𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 63 vs. 𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 49) but more checkworthy claims
selected in the second stage (𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 19 vs. 𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 26). When participants used
the unidimensional interface, customized filters might have helped them find more checkworthy
claims despite finding fewer checkable claims in the exploratory phase. However, participant
claim selections show a different pattern with the multidimensional interface. Adding customized
dimensions reduced both the number of selected claims (𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 5.44 vs.𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 =

4.75) and final checkworthy claims (𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 2.06 vs.𝑀𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 1.75). Total unique
claims increased in the first stage (𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 43 vs. 𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 50) but decreased in the
second stage (𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 23 vs. 𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑+𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 = 19).

Comparing these results with those from the unidimensional interface, adding customized dimen-
sions seems to help broaden the scope of claim exploration with unidimensional ranking. However,
customized filters might not be as effective as the four checkworthy dimensions implemented by
our pre-trained classifiers. For example, many participants (P4, 9, 10) mentioned the difficulty of
prompt writing: “I don’t know how to correctly word my idea in the prompt” (P4). It is widely known
that successful prompt engineering with LLMs involves a learning curve [25].

4.4.3 Subjective reflections. We analyzed participant self-reported metrics for their exploratory
search experience between the unidimensional and multidimensional interface (Table 9). The
multidimensional interface scored significantly higher in several aspects: “Understand topic scope”
(𝑀𝑢𝑛𝑖 = 3.69, 𝑀𝑚𝑢𝑙𝑡𝑖 = 4.44), “Search specific topic” (𝑀𝑢𝑛𝑖 = 3.44, 𝑀𝑚𝑢𝑙𝑡𝑖 = 4.56), “Lookup many
claims” (𝑀𝑢𝑛𝑖 = 3.44,𝑀𝑚𝑢𝑙𝑡𝑖 = 4.25), “Investigate multiple criteria” (𝑀𝑢𝑛𝑖 = 3.38,𝑀𝑚𝑢𝑙𝑡𝑖 = 4.62), and
“Operationalize multiple criteria” (𝑀𝑢𝑛𝑖 = 3.69,𝑀𝑚𝑢𝑙𝑡𝑖 = 4.12). Overall, participants considered the
multidimensional interface more useful in exploratory claim searches (despite finding more unique
claims with the unidimensional interface). The multidimensional interface also received a high
score regarding the perceived usefulness and ease of use to support claim prioritization (see details
in Appendix H).

Our participants also shared very positive reflections after using the multidimensional interface.
First, the different customized functions empowered them with more control over using personal
knowledge and experience to prioritize claims. P4 mentioned that “fact checkers around the world
have very local knowledge, specific and unique, that doesn’t necessarily apply everywhere else. Now
we can kind of add in our own things and make things more relevant to us.”

Some participants further mentioned that these control levels enhance their sense of transparency
and trust in AI. P5 and P6 noted that the existing tool they use daily operates like a black box,
where they don’t know what factors contribute to claims requested by the tool. In contrast, the
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Measures Unidimensional
M(SD) | Median

Multidimensional
M(SD) | Median

Wilcoxon
Z(p)

Overall claim satisfaction 3.75(1.24) | 4 4.19(0.83) | 4 15.0(0.37)
Understand topic scope 3.69(1.20) | 4 4.44(0.51) | 4 2.0(0.04)
Acquire new perspective 3.12(1.31) | 3.5 3.81(1.28) | 4 12.0(0.05)
Search specific topic 3.44(1.15) | 4 4.56(0.51) | 5 4.0(0.01)
Lookup many claims 3.44(1.21) | 4 4.25(0.45) | 4 4.0(0.01)
Select best claims 3.56(0.96) | 4 4.12(0.81) | 4 2.5(0.08)
Uncover unexpected claims 3.75(1.00) | 4 4.06(0.93) | 4 7.0(0.21)
Investigate multiple criteria 3.38(1.31) | 3.5 4.62(0.72) | 5 5.5(0.01)
Operationalize multiple criteria 3.31(1.30) | 4 4.75(0.58) | 5 0.0(0.00)
Operationalize new criteria 3.69(1.01) | 4 4.12(1.02) | 4 12.0(0.19)

Table 9. Comparing the mean (M), standard deviation (SD), and median of different participant self-reported
responses of claim exploration (Section 3.4.4) between unidimensional vs. multidimensional interfaces. Results
are bolded if statistically significant for the Wilcoxon signed-rank test at p < 0.05. Five measures show
significantly increased scores, including “Understand the topic scope,” “Search a specific topic,” “Lookup many
claims,” “Investigate multiple criteria,” and “Operationalize multiple criteria.” This suggests that participants
preferred using the multidimensional interface to explore claims.

multidimensional interface is more transparent, breaking down what checkworthiness represents.
Even if the results are not entirely accurate, users can modify, change them, or specify a new
dimension. This approach complements imperfect AI with human knowledge and oversight.
Some participants also thought the tool created a playful experience. P7 stated that “It did

differentiate how I use this from how I use a lot of other tools. I could just change a slider instead of
changing my search. And that was quite fun.”

5 Discussion
In this section, we reflect on our key findings and connect them with literature in fact-checking
and IR to discuss broader research insights.
We begin by discussing the design implications of the fact-checker dynamic and hierarchical

claim prioritization process (Section 5.1). Specifically, we summarize findings that reveal differences
in fact-checker claim triage compared to prior research, highlighting underexplored aspects of
their workflows (Section 5.1.1). Building on these insights, we then propose design suggestions for
personalized and efficient tool supports based on fact-checker feedback (Section 5.1.2). Furthermore,
we reflect on the dynamic nature of hierarchical relevance in claim prioritization and discuss its
broader implications for other user activities (Section 5.1.3).
Next, we move beyond viewing claim prioritization solely through the lens of information

seeking and retrieval to examine its impact on broader fact-checking stakeholders, as well as the
fact-checking ecosystem (Section 5.2). Specifically, we examine the evolving practice of claim
prioritization across different fact-checking entities (Section 5.2.1), fact-checker partnerships with
social media platforms (Section 5.2.2), and the regional differences (Section 5.2.3). In these sections,
we discuss how personalized and efficient tools can support the changing nature of fact-checking
practices with the potential of addressing tensions and diverse fact-checking objectives.
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Finally, we describe the study limitations identified during our RtD process. We hope this helps
guide future researchers in exploring multidimensional checkworthiness and developing more
advanced claim prioritization tools (Section 5.3).

5.1 Fact-checker Dynamic and Hierarchical Claim Prioritization
5.1.1 Summary of fact-checker claim prioritization process. As discussed in the related work (Section
2.2), several open questions remain in understanding fact-checker claim prioritization. For example,
prior studies have yet to clarify the relative importance of different checkworthiness dimensions
and potential gaps between fact-checker self-reported perspectives and their actual behaviors
involved in claim search and selection. By employing an RtD approach, which allows us to discover
nuanced user practice and design knowledge grounded in making and doing, we have identified
insights that further extend findings from earlier research.
First, by integrating qualitative and quantitative data, we find that fact-checker perceptions of

the relative importance of different checkworthy dimensions vary across their organizations and
regions (as described in Section 4.1). Thus, we build upon and extend the prior qualitative work
[46, 63, 72] by incorporating supporting quantitative evidence.

We also observed an important contrast with prior work. In particular, while fact-checkers might
describe their claim prioritization as unstructured or less systematic (in the context of searching,
browsing, and filtering claims across multi-dimensional checkworthiness), their interactions with
our prototype actually developed a hierarchical claim triage process to enhance work efficiency (in
Section 4.2). Moreover, by examining different intents reflected from their written LLM prompts, we
found that fact-checker familiarity with fact-checking topics significantly influenced the strategies
they employed when using LLMs to create customized filters (described in Section 4.3).

Moreover, by employing a within-subject experiment, we have explored some semi-articulated
hypotheses (see Section 4.4) that provide a foundation for refining hypotheses in future work. In
particular, we found that using multi-dimensional filtering and ranking helped participants identify
more checkworthy claims compared to a uni-dimensional version (see Section 4.4.2). According to
our participants, this approach not only helped address their concerns about algorithm transparency
but also empowered them with greater control and flexibility. This empowered agency enabled
them to adapt to varying fact-checking priorities (reported in Section 4.4.3). We found that, however,
directly integrating LLMs into multi-dimensional filters might reduce user performance (reported
in Section 4.4.2), requiring further design improvements.

The design integration of a personalized weighting mechanism and LLM-customized facets into
our prototype primarily aimed to deepen our understanding of fact-checker claim prioritization
practices. In addition to achieving this goal, participants also provided actionable suggestions to
refine future designs. Thus, by reflecting on their hierarchical claim prioritization strategies, we
expand on existing design knowledge about how to develop advanced tools to support personalized
and efficient claim triage in Section 5.1.2.

5.1.2 Design implications for personalized and efficient claim triage. In this section, we present
design recommendations synthesized from participant feedback, focusing on streamlining user
hierarchical claim prioritization, leveraging LLMs to match a progressive fact-checking journey,
and improving its use efficiency and transparency.
Streamlining user hierarchical claim prioritization. The hierarchical approach to claim

prioritization reflects an underlying systematic process. Although less overt, this inherent structure
can inform tool designs to help participants streamline their claim selection workflows. For example,
if a claim mutually satisfies multiple checkworthy factors along with the prerequisite or important
dimensions, this should be clearly shown in the interface. For example, P3 was interested in
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the “Likely false” and “Verifiable”. The tool should prioritize or separate claims that meet both
dimensions. P7 also remarked that some claims consistently ranked at the top across even when
different dimensions were favored and suggested the tool could “display them at the very top end
so it was easier for me to review.” Thus, beyond providing a personalized weighting mechanism
for users to prioritize their prerequisite or important dimensions, future designs could also allow
fact-checkers to directly preset these priorities. The display of ranked claims should then explicitly
indicate how each claim aligns with these priorities.
On the other hand, sometimes, there may be a trade-off between competing checkworthiness

dimensions. For example, P1 found that some claims are “flagged as very harmful but less interesting
to the public.” Similar to P3 and P7 above, he suggested making such trade-offs clearly apparent to
allow him to validate whether AI predictions for those checkworthy dimensions matched human
judgment. If there is a mismatch between human judgment and AI predictions, the weighting
mechanism could become particularly valuable, enabling fact-checkers to reduce AI influence.
In prior work, Sehat et al. [72] propose a conceptual framework for claim prioritization, which

introduces a new and structured approach. However, its effective implementation heavily relies
on fact-checker training and education. We expect our findings and design recommendations will
complement this educational approach by specifying the AI tool supports needed to streamline claim
triage, especially where different checkworthiness dimensions are either satisfied or in competition
with one another.

Leveraging LLMs to match a progressive fact-checking journey. As outlined in Section
4.3, fact-checkers employ targeted and abstract prompts to define new checkworthy dimensions,
reflecting diverse fact-checking needs influenced by their familiarity with the topics. This process
illustrates the real-world progression of fact-checking news events – from their initial emergence
to maturity – and highlights two specific use cases for LLMs.
First, when news events emerge and fact-checkers are uncertain about what topics or dis/

misinformation narratives would be the central of fact-checking, they create general faceted filters
(i.e., abstract prompts) to understand the semantics or potential harmful outcomes of problematic
information. These criteria are frequently-used filters across different news events, as P14 explained
“[they are] pretty broad category often used to filter out [less important] claims.” As fact-checkers
become more familiar with specific narratives, direct LLM-integrated search would be more helpful
as it can retrieve specific claims based on precise narratives (i.e., targeted prompts).

Improving use efficiency and transparency of LLMs. However, as reported in Section 4.4.2,
when participants created LLM-customized facets in the multi-dimensional interface, their claim
selection performance decreased. This decline in effectiveness is likely due to the quality of prompt
writing or the inherent limitations of the LLM used (we employed GPT-3.5 during testing). Based
on participant feedback, we propose design recommendations to mitigate this reduced performance
to enhance the use efficiency and transparency of LLMs.
As search queries and/or LLM prompts become more complex, it becomes more important to

explain how search results relate to different portions of an input query/prompt (i.e., algorithmic
transparency). In IR, this is typically the domain of query-biased summarization [70] or search
result snippets that serve to explain how each result relates to a user query. With our simple LLM
integration, P2 reflected that “the result might not be directly explainable based on each of the things
I wrote down [in the prompt]. ” P7 similarly remarked, “it would be nice to tell me why things were
being arranged and returned in a certain way. For example, if I had looked up the spike protein in
the prompt, I would have seen claims highlighting the spike protein.” While users today are adept
at using standard search engines and refining their queries, LLM and prompt engineering remain
relatively unfamiliar and appear more complex.
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This feedback highlights the importance of designing future LLM interfaces to help users bet-
ter understand two key aspects: 1) how LLMs interpret lengthy prompts and demonstrate their
alignment with user needs and 2) how they retrieve, organize, or generate results to address these
needs. Some existing technical research might help shed light on the interface design, such as work
on decomposing complex claims to retrieve evidence for claim verification [16] and explaining
how different parts of a prompt influence the LLM output [21]. For example, if we could similarly
decompose complex prompts into smaller portions and illustrate the salience of each portion on
the LLM output, this could be very informative to users. This would not only enable users to refine
their prompts more precisely but also help address potential transparency and trust issues with
LLM-generated content.
In addition, because LLMs exhibit stronger reasoning and association ability to comprehend

user intentions [93], P1 mentioned that if the LLM did not find results that matched the keywords
written in the prompt but inferred other items, it would be helpful to point them out from the
retrieved claims, e.g., semantic leaps from query terms to related terms. Note that with abstract
prompting, conveying such semantic leaps becomes more important because query/prompt terms
may be quite general or vague. P15 explained that “when you put it in a more general way [abstract
prompts], we need a pointer on why LLM brings the most effective results from the data.” In general,
LLM interpretability remains a very active area of research today [91]. In our task setting, future
designs might first provide a summary from LLM explaining how it interprets these subjective
and general checkworthy factors and refer to the claims that match them. Additionally, keywords,
phrases, or narratives within claims should be highlighted as evidence to support the explanation
provided by LLM.

5.1.3 The dynamic nature of hierarchical relevance in user information-seeking. Our analysis of
self-reported and observational data revealed a hierarchical process in which fact-checkers pri-
oritize claims across three levels: prerequisite, important but contextual, and less important, either
consciously or unconsciously (Section 4.2). Although this might be new in the area of claim prioriti-
zation, hierarchical structures are fundamental to how people cognitively organize information [56],
prioritize human needs [50], and make better decisions [65]. To improve user information-seeking,
hierarchies are commonly used in information architecture to rank topic relevance [76] and fa-
cilitate user interactions during multi-faceted browsing [15]. Our findings further highlight the
dynamic nature of how people assess multidimensional relevance within this hierarchy, particularly
in the context of fact-checking and journalistic practices.

The changing news environment influences how journalists dynamically evaluate what news is
worth reporting. Our participants argued that assessing the relative importance of multidimensional
checkworthiness — the hierarchy we identified from user patterns — would change with different
news contexts because fact-checking coverage evolves as events unfold. P3 said, “between these
factors, such as likely harm, spread, and topicality, if you ask me on different days, which of those I
think is more important, I could give you a different answer.” He further explained that “for the last two
months, we solely focus on checking claims around Israel and Gaza, [where] topic and public interest
were more important [but] during the height of the COVID, the ability and likelihood to cause harm is
the most prominent factor.” Checkworthy dimensions following the hierarchy identified from user
patterns may thus change depending on world events, necessitating a flexible design mechanism
for claim prioritization. More generally, priorities over different dimensions of checkworthiness
(e.g., Table 1) can be expected to naturally and dynamically vary over diverse contexts such as time,
location, and organizational and individual preferences. Beyond fact-checking, such dynamism also
reflects a broader phenomenon familiar with other information-seeking contexts that are more
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personal, subjective, and situational, and where the relative importance of particular search criteria
changes and new criteria emerge [71].

5.2 Impacts of Claim Prioritization Tool Supports on Fact-checking Stakeholders and its
Ecosystems

5.2.1 Claim prioritization as a shift in fact-checking focus. Over the past decade, changes in the
media landscape, e.g., the surge of online social media, and news consumption behavior, e.g.,
the trend of reading news via social media platforms, have significantly transformed journalistic
fact-checking. This transformation is also evident in the shift of claim prioritization from focusing
solely on checking political claims to addressing online misinformation by considering a broader
range of checkworthy factors (described in Section 2.1). Thus, claim prioritization has become a
central challenge for fact-checkers. In this section, by illustrating the historical changes in claim
prioritization and its differences across various fact-checking entities, we discuss how our study
insights better inform the development of advanced tools in order to adapt to this evolving practice.
Traditionally, fact-checking was an ad-hoc process embedded within news production prior

to publication, where editors worked closely with authors to verify the accuracy of arguments
[75]. Ideally, every claim in ready-to-publish news was considered important to fact-check as
part of internal journalistic work. This helps maintain the credibility and reputation of the media
outlet. As fact-checking has evolved into a post-hoc activity focused on assessing the accuracy of
existing public statements, claim prioritization has become a distinct step. In this step, journalists
start assessing the newsworthiness of various claims and only select some of them that are worth
checking. While this step is recognized as important, it is not generally viewed as particularly
challenging. For example, as highlighted in the ethnographic work of Graves [26], post-hoc fact-
checking was largely carried out by traditional newsrooms and media outlets that primarily focused
on political claims. Journalists in these organizations often focus on statements made by politicians,
other journalists, and public figures. This emphasis remains evident, as noted by some participants
(P5, 12) and other related work [51, 52].

However, due to the surge of online misinformation, post-hoc fact-checking has evolved into a
more sophisticated digital practice, focusing on combating a variety of problematic information on
social media (e.g., rumors, hoaxes, and propaganda) [84]. This digital practice also involves a larger
group of stakeholders [42], including organizations solely checking online claims (e.g., Snopes,
Lead Stories) and tech companies (e.g., Meta, Meedan) that provide automated fact-checking tools
to support this effort [6, 18, 20]. Claim prioritization has evolved into a more intricate and nuanced
task, requiring alignment with the diverse values of multiple stakeholders [46, 63, 72].
Claim prioritization tool has the potential to accelerate the collaborative effort to meet the

fact-checking needs of different stakeholders. For example, by using the tool to prioritize claims
based on organizational checkworthiness, fact-checkers across these organizations can enhance
their capacity to address a wider range of claims. Additionally, the tool might help address existing
ethical considerations, particularly when fact-checkers navigate competing objectives in selecting
claims. According to our participants, these competing objectives often stem from their partnerships
with social media platforms and regional differences. We discuss these in the following sections.

5.2.2 Partnerships with social media platforms. Ananny [4] argues that social media platform
objectives can compete with fact-checking values. For example, although virality is an important
criterion for claim prioritization, viral claims flagged by social media platforms might not always be
worth checking. Fact-checkers believe fake stories with high advertising revenue are often excluded
from the fact-check lists requested by the platforms. Additionally, fact-checkers interviewed by
Vinhas and Bastos [81] reported their duty in maintaining the partnership with the platforms was
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more quantity-focused, e.g., to meet a quota requirement of fact-checks rather than focusing on
potentially fewer checks with greater impact. Bélair-Gagnon et al. [11] also reported that social
media platforms urge quick fact-checks with less standard and transparent fact-checking procedures
(e.g., not to disclose fact-checking sources and methodology), in opposition to the principles and
practices of many fact-checking organizations.
Some of our participants echoed the aforementioned situations, noting that they often served

as outsourced workers for social media platforms to check misinformation rather than verifying
content that aligns with the news values upheld by their organizations. For example, P2 and P8 high-
lighted the importance of fact-checking opinionated claims, such as political propaganda. Although
these claims may not garner significant public attention, they can spread false ideologies through
repeated exposure. Some participants also felt it was exploitative to maintain this partnership with
social media platforms. For example, P1 and P13 emphasized that although they are journalists,
the pressure from social media platforms has turned them into content moderators, a role p13
described as “getting to be ridiculous.”

5.2.3 Regional differences. Regional differences between Western and non-Western countries also
matter. As noted in Section 4.2, three participants (P8, 10, 11) from India directly mentioned “Likely
harmful” as the prerequisite criterion rather than “Verifiable”. This challenges a standard assumption
that fact-checkers only check claims they believe to be verifiable. As P8 explained, they also report
on extremely harmful but opinionated claims to prevent further misinformation. This suggests
that local news environments can greatly influence the underlying values, priorities, and practices
relating to claim prioritization and fact-checking more broadly. This merits further investigation.

Additionally, regional differences result in different fact-checking operations and funding. Graves
and Cherubini [29] reported that most political fact-checking sites in North America and Western
Europe are led by legacy newsrooms, joined by a handful of independent outlets. However, most
organizations in Asia, Africa, and South America are based on NGOs and alternative media outlets.
Our participants, who conducted fact-checks mostly on an NGO model, mentioned prioritizing
claims requested by social media platforms due to financial incentives. Some mentioned that their
fact-checking organizations strive to balance checking claims between what the platform requests
and their interests. This indicates a “news judgment trade-off” for claim prioritization [11].

Such tensions and differing objectives suggest a strong need for fact-checkers to customize claim
prioritization in a flexible and efficient manner. Based on the design implications discussed in
Section 5.1.2, we believe that effective tooling could empower fact-checkers to better prioritize
multidimensional checkworthiness according to the stakeholder needs (e.g., what their organi-
zation wants vs. what social media platforms want), helping them to reduce the time and effort
required for claim exploration. If different claims found relate to competing priorities (e.g., financial
considerations vs. organizational missions.), better tooling could help fact-checkers balance these
competing priorities.

5.3 Study Limitations
5.3.1 Search box vs. custom filters. The advent of LLMs has created tremendous excitement about
democratizing AI capabilities. Our study empowers fact-checkers to create zero-code, custom search
filters alongside a standard search box with four checkworthiness filters. Search engines have per-
formed best for keyword-oriented queries, and users thus traditionally assume and write keyword
queries. However, search engine capabilities have progressed tremendously in understanding more
verbose and complex queries [12, 33], and today’s search engines increasingly incorporate the latest
LLM capabilities to support more powerful query interpretation [1]. However, our prototype’s
search box only implemented semantic search using SentenceBERT (Section 3.3.2). Future work
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could explore the integration of LLMs directly into the search box to enhance query interpretation
without additional custom filters.

5.3.2 Included vs. omitted checkworthy dimensions. Just as users can consider different dimensions
of relevance in information seeking, many dimensions of checkworthiness have been identified in
prior work (Table 1). We adopted the COVID-19 claim dataset developed by Alam et al. [2], which
annotated seven dimensions of checkworthiness, though we used only four of these dimensions to
simplify our study. This assumption compromised realism since fact-checkers may prioritize claims
using other dimensions, such as urgency and susceptibility (Appendix G). Future research should
investigate a more comprehensive set of checkworthy dimensions to support fact-checkers better.

5.3.3 Use of a historical claims dataset. We adopted a COVID-19 dataset due to its existing annota-
tion for multiple dimensions of checkworthiness, making it easy for us to train predictive models
for Participants were familiar with COVID-19, providing a solid foundation for an exploratory
search task. However, participants (P6) noted the limitations of using historical data, as current
news judgment differs from past claims. A stronger study design would instead let participants
search the web for claims related to current events based on their current knowledge. However,
working with live data presents a variety of different challenges, such as a lack of ground truth
annotations for checkworthiness, as well as the risk of low classifier performance in predicting
checkworthy dimensions due to distribution shift between training data (e.g., training classifiers
on the COVID-19 dataset) and live data on which predictions are performed.

5.3.4 Small dataset scale. While the COVID-19 dataset used Alam et al. [2] contains 4,542 tweets,
we used only around 500 tweets with participants to balance experiment order effects and data
splitting for model training. In addition, whenever participants created a custom search filter,
running gpt-3.5-turbo on even 500 tweets required a noticeable delay, and using a larger dataset
would have exacerbated this delay even further. Participants (P3, 13) desired larger datasets for
more realistic evaluations and to better assess new dimensions created by LLMs. Additionally, they
were interested in claims related to their regions, of which our small dataset had limited coverage.
Future research should investigate larger datasets to enhance study realism and findings.

5.3.5 Few participants for statistical testing. It was important to us for realism to conduct this study
with professional fact-checkers rather than surrogate journalism students. Our 16 participants in-
cluded 14 full-time professional journalists and 2 researchers with previous professional experience
as fact-checkers (Table 3). However, recruiting professionals was challenging due to their busy
schedules, resulting in a small sample size that was insufficient for rigorous statistical analysis. That
said, our study adopted an RtD approach [95], and as reflected by Zimmerman and Forlizzi [94], the
lab-based RtD aims to explore “semi-articulated hypotheses.” Therefore, by reporting the evaluation
results of this preliminary prototype, we hope to assist future researchers in constructing clearer
hypotheses for larger-scale testing.

6 Conclusion
With so many potentially false claims circulating online, claim prioritization is key to intelligently
allocating limited human resources for fact-checking. Our study perceives claim prioritization
through the lens of IR: just as relevance is multidimensional, with many factors influencing which
search results a user deems relevant, checkworthiness is also multi-faceted, subjective, and even
personal, with many factors influencing how fact-checkers prioritize claims to check.

Our study investigated both the multidimensional nature of checkworthiness and effective tool
support to assist fact-checkers in claim prioritization. Methodologically, we pursued Research
through Design combined with mixed-method evaluation. Our key artifact is an AI-assisted claim
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prioritization prototype developed as a probe to explore how fact-checkers use multidimensional
checkworthiness factors in claim prioritization, simultaneously probing fact-checker needs while
also exploring the design space to meet those needs.

Our study revealed three key findings: 1) a hierarchical process of searching and filtering claims;
2) targeted vs. abstract approaches to writing LLM prompts to create custom search filters for
checkworthiness; and 3) the value of using multidimensional checkworthiness to triage claims.
Overall, our work offers insights into both fact-checker work practices and the need for more
tailored and efficient claim prioritization, with corresponding design implications.
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APPENDIX
A Claim prioritization task
Imagine that at the beginning of your everyday fact-checking, you want to find a set of claims
across diverse sub-topics relevant to COVID-19. Finally, you want to recommend 3 claim candidates
to editors from the list of candidates you have already found. Specific steps are:

(1) In the "Select claims" page, please use different tool features to select a set of claims across
diverse topics relevant to COVID-19 and save it to the "Your selection" page. This step can be
done multiple times.

(2) In the "Create facet" page, please create a new criterion. You can adopt a criterion template
and revise it based on your understanding of that criterion. Please do not use the default
template.

(3) Return to the "Select claims" page; please conduct Step 1 again. This time, feel free to use
tool features in combination with the new criterion.

(4) You can make multiple rounds of selections by repeating the previous steps.
(5) At the end, go to the "Your selection" page. Select three top claims as the final candidates to

be checked.

B Measurements for data collection
We organized the measurement of data collection across the three-phased RtD evaluation process.
First, participants were asked to answer the pre-screening survey during the tool familiarization
phase. Then, we conducted interviews with participants before and after the experimental study.
User interaction measures were collected when participants completed the within-subjects study.
A post-task questionnaire was delivered after participants used each interface. A post-system
questionnaire was conducted at the end of the experimental study.

● Pre-screening survey
– 5-point Likert-scale questions measured for each checkworthy dimension <X>:
∗ Perceived importance: “<X> is an important factor resulting in a final fact-checked claim.”
∗ Ease of finding: “It is easy for me to identify <X> claims.”
∗ Criterion accuracy: “Claims that I finally checked are usually <X> as they first appeared.”

– Open-ended questions:
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∗ Implicit ranking: Considering these four criteria, how would you characterize their
relative importance vs. one another? Please rank these criteria from the most to least
important.

● User interaction logs and interview questions
– Interview questions before performing the within-subjects study:
∗ Why would you prioritize some criteria over others?
∗ How would you triage claims from these four criteria when using the new tool?

– User measurements collected during the within-subjects study:
∗ # Queries: The number of queries submitted by the participant.
∗ # Checkworthy slider changes: The number of times the checkworthy slider(s) were
changed.
∗ # Customized slider changes: The number of times the customized slider(s) were changed.
∗ # Query similarity slider changes: The number of times the query similarity slider was
changed.
∗ # Selected claims: The number of interesting claims identified in the initial exploratory
stage (with or without using the customized filters).
∗ # Final claims found checkworthy: Out of the three final claims selected, the number of
these that were initially found with or without customized filters.
∗ Conversion rate: the ratio # Final claims found checkworthy / # Selected claims

– Retrospective think-aloud after the task:
∗ Please describe how you used the four criteria sliders to prioritize claims and why these
claims caught your attention.

– Interview questions after performing the task:
∗ What new difficulties have you found when using the tool?
∗ Did you find the tool to be effective to find claims that match the criteria you previously
mentioned?
∗ Which criterion is particularly effective to find claims?
∗ What are the benefits or limitations for you to prioritize claims when using the tool?
∗ How did the customized filter work created by ChatGPT?
∗ What other possibilities would you want GenAI to help you prioritize claims?

● Post-task questionnaires 5-point Likert-scale questions
– Claim Satisfaction: I was satisfied with the claim candidates I found by using this tool.
– Learn: Using this tool supports me to
∗ Understand topic scope: understand the gist of the main claims topics and the scope of
the claim collections.
∗ Acquire new perspective: acquire new perspectives of checkworthiness.

– Lookup: Using this tool supports me to:
∗ Search specific topic: search relevant claims with specific topics.
∗ Lookup many claims: lookup as many relevant claims as possible.

– Investigate: Using this tool supports me to
∗ Select best claims: efficiently select the best claim candidates.
∗ Uncover unexpected claims: uncover unexpected claims
∗ Investigate multiple criteria: investigate multiple aspects of checkworthiness.
∗ Operationalize multiple criteria: operationalize multiple criteria of checkworthiness.
∗ Operationalize new criteria: operationalize personal criteria to find claims other fact-
checkers and journalists might miss or choose to ignore.

● Post-system questionnaires 5-point Likert-scale questions
– Perceived Usefulness:
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∗ Using this tool in my job would enable me to accomplish tasks more quickly.
∗ Using this tool would improve my job performance.
∗ Using this tool in my job would increase my productivity.
∗ Using this tool would enhance my effectiveness on the job.
∗ Using this tool would make it easier to do my job.
∗ I would find this tool useful in my job.

– Ease of Use:
∗ Learning to operate the tool would be easy for me.
∗ I would find it easy to get this tool to do what I want it to do.
∗ My interaction with the tool would be clear and understandable.
∗ I would find this tool to be clear and understandable.
∗ It would be easy for me to become skillful at using this tool.
∗ I found this tool easy to use.

C Prompts
● Prompt placeholders:
– INPUT: The claim used for assessment.
– NAME: The user enters the name of the new dimension.
– CONTEXT: The user describes the dimension in detail.
● Prompts:
– Based on the new [NAME] and [CONTEXT]. Identify whether the [INPUT] follows
the [CONTEXT] and output yes or no.

● Output values:
– {"tokens", "top-logprobs"}

D Low-fidelity wireframe
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Query search (re-rank claims based on query similarity)

Select examples as prompts

search keywords

Create and Add New Facet

Name your new facet:

Tweets 1000

As part of the ongoing nationwide vaccination rollout that has seen more than 230,000 people 
vaccinated, President Kagame and First Lady Jeannette Kagame received their #COVID-19 
vaccines at King Faisal Hospital.

Pleased to receive 50,000 doses of Covid-19 vaccines from India this morning. Govt of 
Rwanda  is grateful to the Govt of India  and other partner countries for their valuable 
contribution to the fight against

COVID-19

Tweets 1000

Four former presidents have banded together for two national ad campaigns released 
Thursday designed to drive trust in COVID-19 vaccines — and they're all pictured getting 
inoculated against the virus

WSJ: All three of Russia's main intelligence services (SVR, FSB, and GRU) ran fake news 
sites and phony social media accounts to spread misinformation about Pfeizer and Moderna 
vaccines in an attempt to undermine confidence in them.

Joel Embiid will donate his $100K ASW earnings to three homeless shelters in Philly to help 
provide: -Meals -Clothing items -Treatment and care for those who get COVID-19 vaccines -
Funds for a summer camp -Shelter for 300+ teens -Support for formerly homeless families 

“Action can be taken now to ensure that Canada can produce its own vaccines without the 
need to solely rely on international partners.” @Mossmanlab makes the case for 
@MacGlobalNexus Fitzhenry Vector Lab to produce COVID-19 vaccine doses for all 
Canadians.

False information

Click to display 7 more claims

e.g., propaganda

Confirm and add new facet

2

2

1

3

India's gift of 100,000 COVID-19 vaccines arrived Barbados earlier today. This was a very 
special moment for all Barbadians and I want to thank Prime Minister Modi for his quick, 
decisive, and magnanimous action in allowing us to be the beneficiary of these vaccines.

As part of the ongoing nationwide vaccination rollout that has seen more than 230,000 people 
vaccinated, President Kagame and First Lady Jeannette Kagame received their #COVID-19 
vaccines at King Faisal Hospital.

Pleased to receive 50,000 doses of Covid-19 vaccines from India this morning. Govt of 
Rwanda  is grateful to the Govt of India  and other partner countries for their valuable 
contribution to the fight against

Auto-select user-defined facet when it is 
first added in the facet menu

PresetVerifiable Topic A (300) Topic B (150) Topic C (100)

False information

Interest to the general public

General harm

Attention to fact-checkers

Interest to government authorities

Preset

User-defined

1

0

0

0

0

0

0

10

10

10

10

10

10

Create and add new facet Reset facet

Propaganda

0 10

5

User-defined

Select examples

Select examples

Provide detailed description

Provide detailed description

e.g., if the new facet aims to detect propaganda claims, describe how a propaganda 
clam is written

Select claims that match this facet:

India's gift of 100,000 COVID-19 vaccines arrived Barbados earlier today. This was a very 
special moment for all Barbadians and I want to thank Prime Minister Modi for his quick, 
decisive, and magnanimous action in allowing us to be the beneficiary of these vaccines.

As part of the ongoing nationwide vaccination rollout that has seen more than 230,000 people 
vaccinated, President Kagame and First Lady Jeannette Kagame received their #COVID-19 
vaccines at King Faisal Hospital.

Pleased to receive 50,000 doses of Covid-19 vaccines from India this morning. Govt of 
Rwanda  is grateful to the Govt of India  and other partner countries for their valuable 
contribution to the fight against

Four former presidents have banded together for two national ad campaigns released 
Thursday designed to drive trust in COVID-19 vaccines — and they're all pictured getting 
inoculated against the virus

WSJ: All three of Russia's main intelligence services (SVR, FSB, and GRU) ran fake news 
sites and phony social media accounts to spread misinformation about Pfeizer and Moderna 
vaccines in an attempt to undermine confidence in them.

search keywords

India's gift of 100,000 COVID-19 vaccines arrived Barbados earlier today. This was a very 
special moment for all Barbadians and I want to thank Prime Minister Modi for his quick, 
decisive, and magnanimous action in allowing us to be the beneficiary of these vaccines.

“Action can be taken now to ensure that Canada can produce its own vaccines without the 
need to solely rely on international partners.” @Mossmanlab makes the case for 
@MacGlobalNexus Fitzhenry Vector Lab to produce COVID-19 vaccine doses for all 
Canadians.

1

3

Assign impact score for each claim      :?

This is the 1st selected claim.

Claims

1

Impact score

2This is the 2nd selected claim.

3

4

5

This is the 3rd selected claim.

This is the 4th selected claim.

This is the 5th selected claim.

The impact score is a measure of the prominence of a claim for a 
certain facet. To provide effective impact scores as prompts for 
LLMs to predict the check-worthiness of the new facet, please 
assign fine-grained impact scores to each selected claim.   

Examples:

3

Fig. 7. An example of an early low-fidelity wireframe and user workflow we created in Figma.
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E Preliminary findings
This section describes our preliminary findings from pilot tests to identify appropriate search
tasks for fact-checkers. These tasks aim to help fact-checkers prioritize claims based on various
dimensions of checkworthiness. It is well known in IR that user information needs often evolve
over the course of a search session as they encounter and explore new information that expands
their initial understanding of a topic [40]. As this information needs to evolve, the criteria used to
determine the search relevance adjust accordingly. A classic example demonstrated by Tang and
Solomon [79] is that users seek information driven by their broad interests and curiosity during the
early stage of random browsing. Then, they apply more specific, case-based relevance criteria after
better understanding their search objectives. These relevance factors are more related to knowledge
construction and problem-solving. In the context of claim prioritization, this suggests that the
relative importance that fact-checkers ascribe to different checkworthy dimensions used in their
information-seeking may similarly evolve as they search.
To identify an appropriate search scenario, we asked pilot study participants to conduct both

exploratory and focused search tasks to filter and select claims with the tool. We found that
in a focused search task (e.g., finding claims that mention the adverse effect of COVID-19 on
marginalized populations), the search journey of pilot participants was very quick and precise, and
they predominantly used certain facets, particularly “Likely harmful” in combination with keyword
search. However, participants tended not to triage claims among multidimensional checkworthiness.
In contrast, we observed that our pilot participants were more likely to use different facets and
tool features in an exploratory search task (e.g., finding any claims that you found important to
check). As a compromise, we hypothesized that many professional fact-checkers are already familiar
with COVID-19 and related claims, so selecting this topic would provide a familiar foundation
and starting point for an exploratory search task (as opposed to an exploratory task in which
fact-checkers had no prior familiarity). We describe the task details in Section 3.4.1.
We initially implemented an evaluative protocol combining formal usability tests and post-

task interviews. After several rounds of pilot tests, we refined the protocol in two ways to better
meet our two research goals (Section 3.1). First, the protocol combines participant self-reported
assessments, observed user behavior, and their post-hoc reflection to investigate how fact-checkers
operationalize multidimensional checkworthiness before, during, and after using the tool. This
allowed us to compare what participants said versus their actual actions.

Second, we added another constrained claim selection task following the exploratory search. We
created a separate page in our tool that displays claims participants selected during the exploratory
search. Participants were asked to identify only the top three checkworthy claims from what
they had selected. We used this task to simulate a real-world scenario where fact-checkers pitch
claims to editors [42] (in this study, they were asked to provide comprehensive justifications of
why these claims were selected). This enabled us to gain valuable insights into the fact-checker
decision-making process of claim prioritization.

F Implicit ranking
Section 3.4.4 mentioned that our pre-screening survey asked two related questions about the relative
importance of different checkworthy dimensions. In this section, we compare how fact-checkers
answer these two related questions.

First, we asked fact-checkers to answer a 5-point Likert scale rating question about the Perceived
importance of each checkworthy dimension: “This is an important factor resulting in the final
fact-checked claim.”

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW292. Publication date: November 2025.



Exploring Multidimensional Checkworthiness CSCW292:45

We presented an analysis of the results of these answers across dimensions and participants
in Section 4.1, copied here for convenient access. As shown in Table 4, “Likely harmful” had the
mean average rating of (𝑀 = 4.81). The score decreased from “Likely false” (𝑀𝑓 𝑎𝑙𝑠𝑒 = 4.63), “Interest
to the public,” (𝑀𝑝𝑢𝑏𝑙𝑖𝑐−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = 4.50), to “Verifiable” (𝑀𝑣𝑒𝑟𝑖 𝑓 𝑖𝑎𝑏𝑙𝑒 = 4.44). The median scores were
the same for each dimension (𝑀𝑒𝑑𝑖𝑎𝑛 = 5). “Verifiable” received the lowest average rating but had
the largest standard deviation (𝑆𝐷 = 1.21), indicating the greatest variation in opinions among
our participants. No significant differences were found across these four dimensions (𝑋 2

= 1.824,
𝑝 > 0.05).

Complementing this rating question, we further asked participants to implicitly rank the relative
importance of the four dimensions in an open-ended format: “Considering these four criteria, how
would you characterize their relative importance compared to one another? Please rank these
criteria from most to least important.” Because these answers were open-ended, participants often
mentioned only a subset of the dimensions and used free-form language requiring manual analysis.
Most participants identified several dimensions as “most or equally important,” while also indicating
which dimensions they considered “least important.” We counted such responses and provided
these counts in Table 10.

Dimensions Implicit ranking
Least important Ratio Most or equally important Ratio

Verifiable p9, 10, 16 3/16 p2-7, 13-14 8/16
Likely false - 0/16 p6 1/16

Likely harmful p14 1/16 p1-2, 4, 8-9, 11-12, 15 8/16
Interest to the public p5, 8, 13 3/16 p9, 16 2/16

Table 10. Participant implicit ranking on the relative importance among four-dimensional checkworthiness.
The results show that participants mostly agreed that “Verifiable” and “Likely harmful” were the most
important or equally important dimensions.

Table 10 shows that eight participants identified “Verifiable” and “Likely harmful” as the most or
equally important. This number was higher than the other two: only one participant rated “Likely
false” and two considered “Interest to the public” as the most or equally important. Additionally,
three participants rated “Verifiable” and “Interest to the public” as the least important.
When we compare these implicit rankings to the Perceived importance ratings, this further

explains why “Verifiable” and “Interest to the public” showed a higher standard deviation in their
importance ratings: for both dimensions, implicit rankings show that three participants thought
these dimensions were among the least important of the four checkworthy dimensions.

G Other important checkworthy dimensions
Many dimensions of checkworthiness have been identified in prior work (Table 1). We adopted
the COVID-19 claim dataset developed by Alam et al. [2], which annotated seven dimensions of
checkworthiness, though we used only four of these dimensions to simplify our study. To probe
beyond these four dimensions, we also asked participants: “If you found multiple claims that met
all the criteria used in our study but couldn’t check them all at once, how would you choose
which claims to prioritize?” To address such tie-breaking, participants began to invoke additional
checkworthy dimensions beyond those in our study, such as urgency [72]:
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“If the consequences of this are harm that will be caused immediately, the more immediate
the harm that sometimes comes into play.” (P2) “Potentially dangerous claims are consid-
ered more urgent. We often begin checking these claims even before determining that they
have been widely shared. Only when a claim is clearly obscure or unlikely to be believed
will a dangerous claim be dismissed after it has been established as being verifiable.” (P7)

Susceptibility [7] was also invoked as another tie-breaking dimension beyond our study’s scope.
As Sehat et al. [72] note, susceptibility can serve as another indicator of harmfulness. P4 explained
“If a social media user believed the false claim, it could potentially result in a more harmful outcome.”
Section 5.3 further discusses our use of only four dimensions as a study limitation.

H Additional statistical results

Dimensions Agreement statement M(SD) Median

Usefulness Using this tool would enable me to accomplish tasks more quickly 4.13(0.52) 4
Using this tool would improve my job performance. 4.07(0.59) 4
Using this tool in my job would increase my productivity. 4.00(0.76) 4
Using this tool would enhance my effectiveness on the job. 4.07(0.59) 4
Using this tool would make it easier to do my job. 4.27(0.59) 4
I would find this tool useful in my job. 4.40(0.51) 4

Ease of use Learning to operate the tool would be easy for me. 4.38(0.89) 5
I would find it easy to get this tool to do what I want it to do. 4.06(0.77) 4
My interaction with the tool would be clear and understandable. 4.19(0.75) 4
I would find this tool would be clear and understandable. 4.38(0.62) 4
It would be easy for me to become skillful at using this tool. 4.25(0.77) 4
I found this tool easy to use. 4.19(1.17) 4

Table 11. Descriptive statistics ofmean (standard deviation) andmedian for participant self-reported responses
of tool’s perceived usefulness and ease of use.

Measure Likely false
Mean

Wilcoxon
𝑊 (𝑝)

Likely harmful
Mean

Wilcoxon
𝑊 (𝑝)

Interest to public
Mean

Wilcoxon
𝑊 (𝑝)

Verifiable 4.13 | 3.69 9.00(0.08) 4.13 | 4.31 12.00(0.37) 4.13 | 4.25 17.00(0.49)
Likely false - - 3.69 | 4.31 0.0(0.00) 3.69 | 4.25 10.50(0.03)
Likely harmful - - - - 4.31 | 4.25 14.00(0.50)

Table 12. Comparing the mean of “Ease of finding” over four dimensions of checkworthiness. The mean
values are presented as a pair (A | B) corresponding to dimensions over each row (A) and column (B). Results
highlighted as bold are statistically significant for the pairwise Wilcoxon signed-rank test at p < 0.05.

Measure Likely false
Mean

Wilcoxon
𝑊 (𝑝)

Likely harmful
Mean

Wilcoxon
𝑊 (𝑝)

Interest to public
Mean

Wilcoxon
𝑊 (𝑝)

Verifiable 0.77 | 0.73 24.00(0.24) 0.77 | 0.62 19.00(0.06) 0.77 | 0.39 7.00(0.00)
Likely false - - 0.73 | 0.62 27.00(0.20) 0.73 | 0.39 8.50(0.01)
Likely harmful - - - - 0.62 | 0.39 11.00(0.02)

Table 13. Comparing the mean of “Overall weights” over four dimensions of checkworthiness. The mean
values are presented as a pair (A | B) corresponding to dimensions over each row (A) and column (B). Results
highlighted as bold are statistically significant for the pairwise Wilcoxon signed-rank test at p < 0.05.
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I Participant weighting patterns
Eight participant weighting patterns reveal a complete three-level hierarchy (P2-4, P7, P10, and
P14-16). Six participant weighting patterns reveal a two-level hierarchy (P1, P5-6, P8, and P11-12).
Two participant weighting patterns do not reveal any hierarchy (P9, P13). See Figure 5’s caption
for figure interpretation.
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