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Abstract

To address the scale and spread of digital misinformation, researchers
have developed automated techniques to aid in the fact-checking
process. Unfortunately, these systems are rarely designed for real-
world deployment settings and struggle with the unique challenges
of realistic verification: claims may lack ground truth, evidence is
sparse and evolving, and decisions must be made within hours. In
this paper, we present and evaluate a new system for automated
fact-checking, REALTICHECK, that integrates large language models
(LLMs) with web search to gather, collate, and employ online evi-
dence to fact-check recent potential misinformation claims. We eval-
uate REALTICHECK on state-of-the-art benchmark datasets, with
our system outperforming comparable prior work (Macro-F1 score
of 0.81). We then explore how REALTICHECK can be used in prac-
tice by hiring seven professional fact-checkers to fact-check 174
novel and recent (less than 24 hours old) claims. We evaluate how
well our system triages and adjudicates claims compared to profes-
sional fact-checkers’ verdicts. We conclude by discussing design
recommendations for future real-time fact-checking systems.
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1 Introduction

Fact-checking is an important defense in the fight against misin-
formation, propaganda, and outright falsehoods on the Internet.
Indeed, a vast infrastructure of journalists [24], newsrooms [7],
third-party agencies [1, 2], and even end-users [58] contribute
to fact-checking to contextualize and correct falsehoods before
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they spread widely [37]. Unfortunately, traditional fact-checking
requires significant human labor and time, taking hours or even
days [3], and thus can rarely keep up with the scope and scale of
digital content today [23, 82]. Even the most diligent fact-checkers
rely on ad hoc prioritization of claims, which misses potentially
harmful claims before they spread widely [66].

To tackle these scale and scope issues, researchers have spent
considerable effort designing and building automated fact-checking
tools that seek to augment the manual fact-checking pipeline [15, 16,
26, 34, 41, 52, 91]. These tools automate various fact-checking steps,
such as claim detection, evidence retrieval, and claim verification,
and evaluate their work against a corpus of collected evidence.
Unfortunately, they are rarely developed or tested in real-world
settings and suffer from three important limitations. First, most
systems rely on bespoke models that require significant technical
expertise to use [86], significantly limiting their deployability [37].
Second, with few exceptions [34], most systems are not end-to-
end; they focus on just one aspect of automated fact-checking
without tackling the entire pipeline [88]. Finally, few tools are
trained or evaluated on recent claims (i.e., claims originating within
the past 24-hour news cycle), which is more akin to the claims
fact-checkers must deal with daily [88].

In this paper, we address these limitations through the design
and evaluation of an end-to-end automated fact-checking pipeline.
Our implementation, REALTICHECK, automatically queries the web
to identify relevant information from news sources related to the
claim and ultimately determines whether the existing evidence sup-
ports or does not support the claim. We implement REALTICHECK
using large language models (LLMs) and web search, using LLMs
to perform constrained, natural language tasks while leveraging
web search as an external corpus of knowledge [44]. To the best of
our knowledge, REALTICHECK is the first end-to-end fact-checking
system that combines LLMs with web search and is evaluated with
fact-checkers in real-world contexts.

We extensively evaluate REALTICHECK using state-of-the-art
microbenchmark datasets and find that the end-to-end pipeline
achieves a macro-F1 (M-F1) of 0.81, and we also evaluate how a
litany of different system configurations can affect overall per-
formance. For example, we show how different filters on source
evidence can change performance, such as relying only on main-
stream news as an evidence corpus (5.9% improvement in macro-F1),
relying only on relevant documents as a corpus (14.7% improve-
ment), or implementing both filters (19.1% improvement). We also
explore different aggregation strategies when considering multiple
pieces of evidence to check a claim, and find, surprisingly, that
majority-voting often leads to suboptimal performance compared
to a thresholded aggregation scheme.
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Next, we conduct a six-day study in which we hire seven pro-
fessional fact-checkers to fact-check 174 recent claims (i.e., claims
published within 24 hours), and study how well REALTICHECKs
verdicts on the claims align with fact-checker verdicts with the
available evidence at the time of fact-checking. We demonstrate Re-
ALTICHECK s performance at various aggregation thresholds with
this new dataset and highlight how REALTICHECK can be opera-
tionalized for different priorities like minimizing false positives
during routine operations or maximizing recall during high-stakes
events. REALTICHECK can be tuned for such fact-checking needs,
for example, for high-precision workloads (achieving a 0.88 support-
class precision at a 75% evidence threshold) or for well-balanced
workloads (achieving a 0.83 support-class F1 at a 25% evidence
threshold). For claims with unanimous verdict agreement between
fact-checkers, REALTICHECK is able to achieve a support-class F1 of
0.87 which highlights the effectiveness of our system in a real-world
deployment setting.

Finally, we draw on our observations in designing and evaluating
ReEALTICHECK and discuss its implications for future automated
fact-checking tools. Our results highlight both the promise and
limitations of leveraging LLMs and web search for automated fact-
checking and we discuss both tradeoffs and considerations of use
for deploying a tool like REALTICHECK in practice. We hope our
results will provide researchers and fact-checkers with a useful
framework to build upon in future research and tooling. Our code
and artifacts are available at our GitHub repository: https://github.
com/Arshiaarya/Real TiCheck.

2 Background & Related Work

Fact-checking is an endeavor typically conducted in journalistic
contexts to verify the accuracy and context of a claim [78]. Online
fact-checking involves assessing the veracity of claims circulating
on platforms such as social media or news websites. Significant prior
research has examined various aspects of fact-checking, ranging
from manual processes that ensure a reliable result to the devel-
opment of automated fact-checking systems. In this section, we
detail previous work and challenges in fact-checking and discuss
how we build on prior work to design, implement, and evaluate
REALTICHECK.

2.1 Current Fact-Checking Paradigms
Professional fact-checking. Typically, professional fact-checkers

fact-check manually in organizations such as Full Fact,! FactCheck.org,?

and PolitiFact.> They identify and extract claims from various
sources, including public statements, media content, and social
media posts [19, 50, 56, 68]. Next, they go through editorial pro-
cesses and consult multiple primary sources (e.g., original govern-
ment reports, official statistics, or firsthand documents) [19, 50, 56],
conduct expert interviews, and thoroughly analyze available ev-
idence [21]. This rigor is effective in reducing belief in misinfor-
mation at a global scale, with its positive effect lasting weeks after
exposure [57]. The warning labels that fact-checkers produce retain
their effectiveness even for readers who distrust fact-checkers [49].

Uhttps://fullfact.org/
Zhttps://www.factcheck.org/
3https://www.politifact.com/

Arshia Arya, Gauthami Yenne, and Deepak Kumar

Due to the manual nature of the process, each verdict can take hours
or days to produce [3, 50, 82]. However, professional fact-checking
faces significant scalability challenges as resources are easily over-
whelmed during major events like elections and public health crises,
where timely verification is often crucial [9, 26, 31, 32, 34, 79] and
fact-checkers cannot keep up with demands [42]. Professional fact-
checkers rely on ad hoc decision-making for claim selection in
the absence of formal processes or guidelines [66], where a re-
cent study found that Snopes and PolitiFact matched only 6.5%
of claims between 2016 and 2022 [42]. This lack of coordination
among fact-checking organizations can lead to a lack of coverage
and underutilization of fact-checking resources.

Crowdsourced fact-checking. Crowdsourced approaches towards
fact-checking have appeared across social media to keep up with
the scale of online platforms by delegating fact-checking processes
to end-users. The most widely adopted implementation of this is
Community Notes on X, which began as BirdWatch on Twitter [58]
and leverages wisdom of the crowds to scale fact-checking [5] by
engaging platform users to perform fact-checking rather than pro-
fessional fact-checkers. While Community Notes can provide scala-
bility and reduce diffusion of false information [70], the approach
has several limitations. Contributors exhibit partisan patterns in
how they flag and evaluate notes [6, 17] and crowd verdicts struggle
for consistency relative to expert fact-checkers [62]. Response time
from a post’s creation to a note becoming visible is often too slow
to intervene during a post’s most viral phase [13]. Among proposed
notes, only 11.3% reach “helpful” status [60], of those, just 7% cite
links from professional fact-checking websites [8].

2.2 Automated Fact-Checking

Given the limits of professional fact-checking, significant research
in the last decade has designed and built automated fact-checking
systems to help scale fact-checking. These systems are typically di-
vided into several components that mirror professional fact-checking
processes: claim detection [32, 33, 54], evidence retrieval [52, 63],
and claim verification or entailment [30, 39, 52]. Each component
presents unique challenges and has received significant attention;
however, many of these systems are evaluated on narrow and out-
dated datasets and are rarely tested in realistic fact-checking condi-
tions [88].

Researchers have developed several comprehensive datasets and
systems [18, 51] to support these efforts, including FEVER [74, 75],
a data set with more than 185,000 claims and their correspond-
ing evidence, and ClaimBuster [32], which focuses on identify-
ing check-worthy claims. Most claim verification systems rely on
transformer-based and graph-based approaches [48]. Some studies
have taken a large language model (LLM)-based approach to claim
verification [12, 84, 85].

Current automated fact-checking systems face numerous techni-
cal and practical challenges. One is the need for constantly updated
knowledge bases, as systems typically require extensive datasets to
function properly [26]. However, the models used are trained on
widely used datasets that are often outdated or limited in scope, lead-
ing to poor generalizability of the model in real-world deployment
scenarios [88]. Real-time fact-checking is particularly challenging
due to the need for rapid evidence retrieval and verification from


https://github.com/Arshiaarya/RealTiCheck
https://github.com/Arshiaarya/RealTiCheck

Designing an Automated Fact-Checking Pipeline for Recent Claims

evolving information sources [52]. However, few existing systems
are evaluated using real-time data or in settings that reflect actual
time-sensitive fact-checking conditions [88].

2.3 LLMs and Fact-Checking

Large Language Models (LLMs) like GPT-40, Gemini 2.0 Flash, and
Claude 3.5 Sonnet have emerged as promising tools for automating
various stages of the fact-checking process. Studies have demon-
strated that models such as GPT-3.5 and GPT-40 exhibit reason-
able accuracy in fact-checking tasks [59]. Unlike traditional au-
tomated fact-checking approaches, which often depend heavily
on predefined datasets, LLMs do not need task specific retraining
for each new domain or task type. LLMs have the ability to in-
corporate external knowledge, which has been shown to produce
more accurate and contextually relevant answers in fact-checking
tasks [44, 59, 81, 84].

Researchers have developed automated fact-checking systems
that augment LLMs to improve their accuracy, but many existing
methods lack real-time information retrieval and evaluation [81,
88]. One such system is MUSE [94], which augments LLMs with
credibility-aware retrieval and multimodal analysis to generate
corrections to social media posts with explanation and references.
However, its evaluation design relies on retrospective analysis of
existing posts and expert assessments of response quality, rather
than measuring system performance under real-time fact-checking
constraints.

3 Design Goals

Our system, REALTICHECK, seeks to fact-check recent claims sourced
from the Internet. While typical automated fact-checking systems
rely on complex machine learning models and require building
large, offline corpora of knowledge (e.g., a pre-collected database
with evidence), our use case precludes us from leveraging many of
those strategies. We synthesize our design goals and constraints
below:

1. Ease of Use Current automated systems often require extensive
machine learning infrastructure or specialized knowledge bases,
making them impractical for many potential users [92]. This tech-
nical barrier particularly affects small newsrooms, independent
journalists, and fact-checking organizations with limited resources.
We seek to create a system that requires minimal setup while main-
taining robust fact-checking capabilities. This approach enables
deployment across diverse scenarios, from individual users seeking
more context on a claim they may encounter via social media to
large journalistic organizations that process multiple claims simul-
taneously. By reducing the technical complexity of the deployment,
we seek to increase the potential usefulness of REALTICHECK in
practice.

2. Collection of Real-time evidence Professional fact-checkers
rely heavily on recent and credible evidence to verify claims. How-
ever, current NLP-based fact-checking systems are trained on histor-
ical datasets that do not contain contexts emerging in fast-moving
news cycles [95]. For example, data sets such as MULTIFC assume
the existence of relevant evidence within their training data [22],
making them ineffective for recent claims for which there may be
limited to no relevant evidence. REALTICHECK should dynamically
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collect, assess and utilize the latest credible information. This ca-
pability is crucial for addressing emerging claims, particularly dur-
ing developing news events where available evidence may change
rapidly. By continuously gathering new evidence rather than rely-
ing solely on pre-existing datasets, our system should be effective
even as the information landscape evolves [38] and also deliberately
provide evidence for each and every claim being fact-checked, as Re-
ALTICHECK does evidence-forward fact-checking by design. Although
significant effort is put into fact-checking to identify whether a
claim is true or false, this is much more challenging to automatically
identify for recent claims. This is because the evidence surrounding
the claim may be limited and other approaches for evidence collec-
tion, such as expert interviews, are not possible with automated
approaches.

3. Speed The rapid spread of misinformation requires a quick
response to fact-checking. Studies show that false information can
spread 6X faster than true information on social media [80], and
the initial hours after a claim appears are critical for effective inter-
vention. Traditional fact-checking processes, which can take hours
or days [3], often cannot keep up with the viral spread of false
information. REALTICHECK should enable fast fact-checking while
maintaining accuracy. This requires fast mechanisms to obtain evi-
dence, efficient processing of large volumes of potential evidence,
and quick assessments of whether the collected evidence supports
the claim.

4. Prioritizing Claims for Fact-Checker Adjudication While
current automated fact-checking systems are often framed as re-
placements for fact-checkers, the goal of our system is to assist
human fact-checkers in their work and reduce the overall volume
of claims that require human review, which addresses the scala-
bility issues with manual fact-checking highlighted in Section 2.1.
REALTICHECK also produces a verdict for every input claim, en-
suring coverage of claims that may be missed by modalities such
as crowdsourced fact-checking, where only a fraction of submit-
ted notes ever reach visibility [60]. As such, REALTICHECK should
triage claims that can be automatically supported by credible evi-
dence and defer to human fact-checkers for the outstanding claims.
We empirically investigate how to achieve this prioritization in
Section 6.3.

5. Verdict Reliability and Evidence Verifiability Crowdsourced
fact-checking like Community Notes face well-documented limi-
tations around verdict reliability [6, 62] and evidence verifiability,
as a substantial share of visible notes do not cite supporting evi-
dence [8]. REALTICHECK addresses these gaps by following a fixed
retrieval-and-entailment pipeline whose verdicts are determined
by retrieved evidence rather than by nature of the contributor, and
by attaching an explicit evidence chain (retrieved documents, per-
chunk entailment outcomes, and aggregation) to every verdict it
produces.

4 Design of REALTICHECK

In this section, we describe the architecture of REALTICHECK, our
system for automatically collecting and evaluating evidence for
claims found online. At a high level, REALTICHECK takes as input a
claim (sourced from the Internet), automatically generates suitable
web search queries and collates relevant information from news



CCS *26, November 15-19, 2026, The Hague, Netherlands

Arshia Arya, Gauthami Yenne, and Deepak Kumar

=

Input: Claim  Query
generation

Evidence
retrieval

=7
Chunking . Relevance filtering

:

News filtering Entailment on Aggregation Output:

Stepl Step2 50
documents

chunks of verdicts Verdict
Chunking & Filtering

Step3 Step4 Step5 Step 6

Figure 1: Fact verification pipeline: A six-step process transforming input claims into verified verdicts through query generation,
evidence retrieval from multiple sources, multi-layer filtering (news, relevance), content chunking, entailment analysis, and

final verdict aggregation.

sources. Finally, it adjudicates whether the claim is supported (or
not) by the available evidence. Figure 1 shows the complete flow of
ReALTICHECK, and we evaluate each component in Section 5.

Step 1: Query Generation. Given an input claim, REALTICHECK
generates web search queries that can find relevant evidence to sup-
port or not support each claim. For each input claim, REALTICHECK
uses an LLM to generate five web search queries. To prompt the
LLM, REALTICHECK builds upon prior work that demonstrated
the value of an “adversarial tone” in query generation for fact-
checking [65], which encourages the model to generate questions
Ehat may be useful for debunking a claim. The prompt used is:

You are a fact-checker looking for evidence to fact-check a particular
claim. Your task is to generate search queries to find relevant informa-
tion to support or not support the claim.

Generate 5 different questions to criticize the following claim: {claim}
If the given claim is not informative enough to generate a query, re-
spond with “none.” The generated questions should be diverse and cover
distinct aspects of the claim.

Ensure that each query is fully related to the claim and provides proper
context. Also, explain the reasoning behind each query and its useful-
ness for fact-checking.

Step 2: Evidence Retrieval. Using each query, REALTICHECK col-

lects evidence, or documents, through the web search; our implemen-
tation uses Google search. We chose Google as it is the search engine
most commonly used by fact-checkers to identify evidence [37]. For
each of the five generated queries per claim, REALTICHECK collects
the top 10 ranked documents (i.e., the front page), producing a
maximum of 50 unique documents per claim, following previous
work [94]. REALTICHECK then de-duplicates documents retrieved
through different queries and extracts the main text from each us-
ing either the newspaper4k Python library* for HTML documents
or the PyPDF2° library for PDF documents.

“https://github.com/AndyTheFactory/newspaperak
Shttps://pypi.org/project/PyPDF2/

Step 3: Chunking and Filtering Evidence. REALTICHECK processes

retrieved evidence in two ways before entailment verification: (a)
chunking, which determines how retrieved evidence is grouped; and
(b) filtering, which removes potentially useless evidence. Prior work
has taken varied approaches to both chunking and filtering: e.g.,
chunking evidence at a sentence-level [75], paragraph-level [28],
or document-level [83]. In the absence of established best prac-
tices from prior research, REALTICHECK supports many different
chunking and filtering strategies, which we evaluate further in
Section 5.

Chunking. REALTICHECK applies three chunking strategies to each
set of documents retrieved per claim, which we describe below:

(1) Concatenated: All documents retrieved for a single query are
combined and then used to verify the claim.

(2) Document: Each document is used individually to verify the
claim and the results are aggregated using a custom tech-
nique (discussed below).

(3) Paragraph: Each document is split into its constituent para-
graphs on “\n\n,” and each paragraph is used to verify the
claim. The results are aggregated using the same custom
technique.

Filtering. Web search returns a wide range of source types. To nar-
row this space, REALTICHECK provides two filtering knobs that can
be applied independently or in combination: (a) a news filter, which
restricts evidence to documents hosted on journalistic outlets, a
proxy for the sources fact-checkers commonly draw on, and (b)
a relevance filter, which removes chunks that are off-topic with
respect to the claim. We evaluate the effect of each filter, alone and
in combination, in Section 5.

For news filtering, REALTICHECK restricts evidence to documents
whose hosting domain appears in the NewsHomepages project [87],
a community-curated list of over 3,000 domains identified as news
outlets. NewsHomepages is maintained by an open community
of over 35 journalists, developers, and researchers, who add do-
mains by submitting them to a public GitHub repository for review.
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The list spans local, national, topic-specific, and international news
outlets across the political spectrum, and inclusion reflects identi-
fication as a journalistic outlet rather than a credibility judgment.
ReALTICHECK checks each retrieved document’s hosting domain
against this list and removes documents whose domain is absent.
The full list of news domains is available in our open-sourced code
and data artifacts. We note that newspaper4k, used in Step 2 for
HTML text extraction, plays no role in source filtering.

For relevance filtering, REALTICHECK uses an LLM (similar to
prior work in an adjacent domain [27]) to determine whether an
evidence chunk is related to the claim. We define “relevance” as
follows:

Definition 4.1. Evidence is considered relevant if:

(1) It contains information directly related to the claim’s subject
matter.

(2) The information temporally aligns with the claim’s context.

(3) It discusses the same entities or events mentioned in the
claim.

(4) It provides substantive information about the claim’s asser-
tion.

We embed this definition to create an LLM-based relevance filter,
the full prompt for which is on our github.
Step 4: Entailment Verification. After filtering evidence chunks,

REALTICHECK then checks for “entailment”—a standard natural
language processing task— in which a claim (i.e., hypothesis) is
determined to be supported (or not) by evidence (i.e., premise). RE-
ALTICHECK uses an LLM to assess each claim-evidence pair, prompt-
ing it to return a verdict of “Supported” or “Not Supported”, along
with a brief justification that quotes directly from the evidence. The
full prompt is:

Claim: {claim}

Evidence: {evidence}

Given the claim and evidence, determine if the evidence supports or
does not support the claim. First, provide a justification by citing a
sentence or sentences from the premise to support your decision. Then,
respond with:

Answer: “Supported” or “Not Supported” only.

The output of this step is a {claim, verdict} pair for each retrieved
evidence chunk.

Step 5: Aggregating Entailment Results. To determine the final

verdict (“Supported” or “Not Supported”) for a claim, REALTICHECK
must aggregate the individual verdicts drawn from each evidence
chunk. In prior research, aggregation is typically performed by
a majority vote on the evidence [10]. However, a majority vote
may be suboptimal in a fact-checking context—the burden of proof
to support or not support a claim may be higher than a simple
majority. Indeed, prior work has shown that fact-checkers collect a
large body of evidence before making a final verdict [37].

To account for this, REALTICHECK uses a tunable, threshold-
based approach to aggregation. The threshold specifies the percent-
age of agreement required among pieces of evidence before reaching
a final verdict—e.g., a 70% “Not Supported” threshold means that at
least 70% of the evidence collected about a claim must entail to “Not
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Supported” for the final verdict to be “Not Supported.” We identify
the most useful threshold for our use case in Section 5.3.

Step 6: Final Verdict and Evidence Chain. After aggregation, Re-

ALTICHECK produces a single, final verdict per claim, either “Sup-
ported” or “Not Supported,” as well as an “evidence chain” that
details the specific evidence that either supports or does not sup-
port the claim at hand. Although REALTICHECK is intended to sup-
port fact-checking efforts rather than replace human fact-checkers,
we examine how REALTICHECK compares to the results of human
fact-checkers in Sections 5 and 6.

5 Microbenchmarking REALTICHECK

In this section, we implement and evaluate REALTICHECK. This eval-
uation serves as a benchmark to examine how each REALTICHECK
configuration presented in Section 4 impacts performance. For this
evaluation, we utilize OpenAI’'s GPT-40 as our underlying LLM
and Google search as our web retrieval engine. We observe little
change in our results based on model-choice across frontier models.
We provide a fuller evaluation with other models (Google Gemini,
Anthropic Claude) in the Appendix 9. We selected GPT-4o as it
performs best in all filtering configurations.

Dataset Used: AVeriTeC [64] is a recent dataset that has become a
de-facto evaluation set in the NLP and security communities [47,
90, 93]. The dataset contains claim verification outcomes for claims
sourced from previously fact-checked articles. The dataset com-
prises 4,568 real-world claims annotated with question-answer pairs
generated from evidence and textual justifications, accompanied
by metadata such as speaker, publisher, publication date, and rel-
evant location. We used a random sample of 225 professionally
fact-checked claims from AVeriTeC for our experiments, downsam-
pling to balance both scale and costs for experimentation.

The 225 claims in the AVeriTeC dataset are grouped into four
verdicts: 69 (30.67%) Supported, 116 (51.55%) Refuted, 23 (10.22%)
Not Enough Evidence, and 17 (7.55%) Conflicting Evidence. For our
task, we group refuted, conflicting evidence, and the not enough
evidence verdicts into a broader “Not Supported” label. By doing
this, our sample contains 156 (69.3%) “Not supported” claims and
69 (30.7%) “Supported” claims. To simulate a “real-time” component
in our microbenchmark evaluations, we restrict evidence retrieval
to only documents indexed within 10 days after the date each claim
was originally published.

5.1 Evaluating Query Generation

To evaluate our query generation process, we compare our gen-
erated queries with the “questions” field available for each claim
in the AVeriTeC dataset. These questions were generated by pro-
fessional fact-checkers with the intention that the question might
help veracity models through a Q&A reasoning task. For example,
for the claim “Hunter Biden had no experience in Ukraine or in the
energy sector when he joined the board of Burisma”, the questions
that fact-checkers generated were 1. “Did Hunter Biden have any
experience in the energy sector at the time he joined the board of
the Burisma energy company in 2014?” and 2. “Did Hunter Biden
have any experience in Ukraine at the time he joined the board of the
Burisma energy company in 2014?”
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We treat these questions as proxies for potential queries that a
human labeler might enter into a search engine to verify a claim.
For each claim in our sample of AVeriTeC, we generate search
queries using the methodology described in Section 4 (Step 1), and
compare our set of (generated) queries with AVeriTeC questions
using the semantic similarity metrics ROUGE-1 [45], ROUGE-L [45],
and BLEU [55]. As a baseline, we also compare these queries with
a separate query generation method, which uses fine tuned models
and prompts LLMs to generate literal and implied queries from
claims in QuestGen [67]. We replicate their method by using their
prompt and using GPT-4o as the backend model.

On ROUGE-1, ROUGE-L, and BLEU, our queries score slightly
below QuestGen’s on all three metrics, averaged over all generated
queries per claim (0.31 vs. 0.37, 0.27 vs. 0.33, and 0.25 vs. 0.31, re-
spectively), and neither approach exhibits substantial overlap with
the fact-checker questions. This is consistent with previous work
reporting the limitations of these metrics for evaluating generated
queries [25, 46, 67]. We stress that this simply implies that properly
evaluating query generation remains a challenging and fraught
task, especially because queries phrased differently might still pro-
duce highly similar search results. We quantify the similarity in the
search results by calculating the overlap in the domains returned by
the queries generated by both methods. The median claim shares
nine domains between the two methods, and a quarter of claims
share 11 or more domains.

To evaluate the impact of query generation methods on the
end result, we performed an experiment comparing QuestGen-
generated queries with our query generation method through the
full entailment pipeline on the same claims, documents, and relevance-
filter configuration for the AVeriTeC dataset (identical to Section 5.4).
ReALTICHECK’s queries achieve an M-F1 of 0.78 compared to 0.73
for QuestGen queries. This result suggests that despite the fact that
our domains and queries differ lexically from QuestGen’s, our strat-
egy retrieves evidence that produces marginally better verification
decisions.

5.2 Evaluating Data Division & Entailment

We evaluate how different chunking and filtering strategies ap-
plied to collected evidence impact claim verification performance,
measuring how accurately our entailment-based predicted verdicts
align with the ground truth provided in the AVeriTeC dataset. Per-
formance is quantified using the macro F1 (M-F1) score, which
accounts for both precision and recall across both verdict cate-
gories.

5.2.1 Evaluating Chunking. The chosen chunking strategy signif-
icantly impacts REALTICHECK’s performance. In general, across
all filtering configurations, document-level entailment performs
better than both concatenated-chunking and paragraph-chunking,
though the results are most stark when taking a single filter in
isolation (i.e. news only or relevance only). For example, only ap-
plying relevance-filtering yields a document-chunk performance
of 0.78 compared to a M-F1 of 0.67 for paragraph-chunking. This
result suggests that current SOTA models can appropriately entail
claims with a context length of a single document, but struggle
when provided with either too much data, some of which may have
contradictory opinions (i.e., concatenation) or too little data (i.e.,
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paragraphs) which may not provide enough context to adjudicate
the claim. This is corroborated by recent work [43], which showed
a notable degradation in the reasoning performance of LLMs at
input lengths much shorter than their technical maximum.

A notable observation is that REALTICHECK performs slightly
better with document chunking than concatenated-chunking when
“no filters” and “news only” filters are applied achieving a M-F1 of
0.66 and 0.72 respectively, also when “relevance only” is applied,
where M-F1 scores for concatenated are 0.76 compared to 0.78 and
only slightly worse when “all filters” are applied, where M-F1 score
for concatenated is 0.82 and for document is 0.81 as shown in Table 1.
This suggests that there is a threshold at which REALTICHECK can
meaningfully process many different articles in a single context
window and arrive at the correct verdict. This result is promising,
as concatenated-chunking also reduces the number of queries made
to the underlying LLM, which is the largest factor influencing
REALTICHECK s runtime.

5.2.2  Evaluating Filtering. Across all chunking configurations, en-
tailment performance improves with stricter filtering. For example,
concatenated-chunking performance improves from 0.70 M-F1 to
0.82 M-F1 when all filters are applied, highlighting that enhancing
the relevance and credibility of evidence is critical to improving
automated fact-checking tooling.

Notably, we observe that relevance filtering is a much more ef-
fective filter than news filtering in practice. For example, in the
document-chunking configuration, applying only a relevance fil-
ter improves M-F1 performance from 0.68 to 0.78, compared to
an improvement to 0.72 with only news filtering, as shown in Ta-
ble 1. This trend is consistent across all chunking configurations.
Relevance filtering is also slightly less aggressive, reducing the per-
centage of verifiable claims to 64%-92% compared to 59%—-60% with
news filtering. Both filters in tandem work the best, but together
reduce the verifiable claims to 42%-44%. In particular, news filter-
ing removes an average of 7 (33.8%) documents per claim and 681
(78.3%) paragraphs per claim, and relevance filtering removes an
average of 18 (85.7%) documents and 840 (96.5%) paragraphs per
claim. We note that filtering also has the advantage of improving
the time taken per claim, reducing the average time of completion
from 21 minutes to 15.3 minutes for document chunking.

5.3 Evaluating Aggregation

Finally, we examine how aggregating by a threshold affects Re-
ALTICHECK performance. For document-chunking and paragraph-
chunking, we explore the following question: does majority voting
always lead to maximal performance? To measure this, we plot vari-
ous F1 measurements (binary, weighted, micro F1, macro F1) across
thresholds of “percentage of not supported votes required” from
0%-100% and observe where we achieve the highest performance.
We show these thresholding curves with “relevance only” filters
applied for document and paragraph level chunking in Figure 2.
Our results suggest that majority voting is indeed insufficient for
optimal performance: for document-chunking, the optimal thresh-
old to maximize M-F1 is 55%, slightly higher than a majority vote
strategy. For paragraph-chunking, the optimal threshold is much
higher, 85%, suggesting a much larger fraction of paragraphs must
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‘ No Filter ‘ News Only ‘ Relevance Only ‘ All Filters

| MP M-R M-F1 N |MP MR MF1 | M-P M-R M-F1 N |MP MR MF1 N
Concat. 70 66 .68 225(100%) | 70 .65 .66 135(60%) | .76 .77 .76  142(64%) | 84 81 .82 94 (42%)
Document | .68 .69 .68 225(100%) | 71 .74 72 135(60%) | .78 78 .78 143(64%) | 81 .83 .81 95 (42%)
Paragraphs | .66 .62 .62 225(100%) | 72 .65 .66 132(59%) | .68 .67 .67 208(9%2%) | .75 .77 .75 99 (44%)

Table 1: Entailment Micro-Benchmarks— Macro Precision, Recall and F1 scores for all chunking and Filtering configurations.

‘ Maj. Vote ‘ Optimal

| P R TF1 N | P R F1 N
Doc | .75 .75 .75 143(64%) | .78 .78 .78 143 (64%)
Para | .71 .52 .45 206(92%) | .68 .67 .67 208 (92%)

Table 2: Entailment Verification Performance on different
Aggregation levels— Macro Precision, Recall, F1 scores, and
sample count (N) for Majority Vote and for Optimal Thresh-
old: 55% for Document (Doc) and 85% for Paragraph (Para)

align before a claim verdict can be labeled as “Not Supported”. Ta-
ble 2 shows the comparisons for each chunking strategy in macro-
precision, macro-recall, and macro-F1 when comparing the majority
vote to an optimal threshold. We clearly see the jump in M-F1 per-
formance for paragraph-chunking from 0.45 to 0.67 by changing
the aggregation strategy from Majority Vote to Optimal Threshold
(85%). Even for document-chunking, we observe a boost in perfor-
mance by choosing the optimal threshold (55%) which has M-F1 of
0.78 instead of choosing the majority vote which has M-F1 of 0.75.
We observe that dynamically tuning aggregation thresholds yields
performance gains over the one-size-fits-all Majority Vote approach.
This suggests that the aggregation strategy plays a significant role
in automated fact-verification outcomes—a factor that has not been
rigorously explored in prior work.

Importantly, across these configurations, REALTICHECK achieves
up to 0.82 M-F1, substantially surpassing the prior state-of-the-art
performance of 0.49 on the closest comparable tasks [65].

5.4 Overall Performance and Cost

We utilize the macro-F1 score as our primary evaluation metric as
fact-checking is evaluated on both positive and negative predictive
power. Table 1 shows all results for all chunking and filtering con-
figurations detailed in Section 4. With no filters applied (i.e. directly
utilizing web evidence to entail claims), our system achieves an
M-F1 of 0.62-0.68. Performance significantly improves when filters
are added, with the “all filters” configuration achieving an M-F1 of
0.75-0.82. This result far exceeds prior work, which achieved M-F1s
of 0.55-0.67 when only taking the “Supported” and “Not Supported”
classes into account in AVeriTeC data [65].

While early research in claim entailment followed a four label
scheme, our work follows recent papers that opt for binary choices
of “Supported” and “Not Supported” which both improve model
accuracy and better align with real world needs [11, 36, 89]. To
evaluate this choice compared with a four-label configuration, we
modified the entailment and aggregation steps of the pipeline. In the
entailment step, we changed the prompt to return one of the four
original AVeriTeC labels, Supported, Refuted, Not Enough Evidence,
or Conflicting Evidence/Cherrypicking. In the aggregation step, we

Class P R F1 N
Supported .65 .67 .66 46
Refuted 76 .73 75 64

Not Enough Evidence .29 .47 .36 17
Conflicting Evidence .40 .12 .19 16

Macro Avg 52 .50 .49 143

Table 3: Four-Class Entailment Performance—Per-class Preci-
sion, Recall, and F1 scores when preserving all four AVeriTec
labels under the best binary configuration (document chunk-
ing, relevance-only filtering).

applied majority voting across the four labels per claim, breaking
ties with a priority order (Not Enough Evidence, Refuted, Conflicting
Evidence/Cherrypicking, Supported) consistent with AVeriTeC’s la-
bel construction [65] and the AVeriTeC shared task [76]. We find a
four-class problem yields an M-F1 of 0.49 compared to 0.78 under
binary labeling while preserving the same REALTICHECK config-
uration (Table 3). Performance drop was primarily driven by the
Not Enough Evidence (F1=0.36) and Conflicting Evidence (F1=0.19)
classes, which together represent 23% of claims. Collapsing these
labels into a “Not Supported” label enables existing fact-checking
pipelines while also keeping REALTICHECK focused on triaging
unsupported claims versus predicting exact labels.

The average time to verify a claim using REALTICHECK ranges
from 14.75 minutes (concatenated chunking) to 45.61 minutes (para-
graph chunking), depending on the chunking and filtering config-
uration. We do observe a tradeoff: as more available evidence is
filtered, there are many cases where there is not sufficient evidence
to properly entail the claim. When “all filters” are applied, for ex-
ample, only 42-44% of claims returned a final verdict, compared to
64-92% when only the “relevance” filter is applied. We examine this
tradeoff for recent claims in Section 6. End to end verification of
225 claims cost $117 in GPT-40 API fees ( $0.52/claim), split roughly
evenly between relevance filtering ($61) and entailment ($56). The
input tokens (3,200 tokens/document on average) dominated the
cost compared to output tokens.

6 REALTICHECK in Practice

To evaluate the effectiveness of REALTICHECK in a real world
fact-checking scenario, we conducted a user study comparing RE-
ALTICHECK s fact-checking outcomes to those of expert fact-checkers
on recent claims. By “recent,” we mean claims that were published
in the last 24 hours of being checked and require fact-checking with
limited available evidence. Our evaluation seeks to approximate a
“real” fact-checking process where claims are newer and evidence
can be scant.
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Figure 2: Thresholding Aggregation for Different Chunking Configurations— Binary F1, Weighted F1, Macro F1 and Micro
F1 for different Threshold values. We show how selecting different threshold choices for aggregating entailment verdicts
affects fact-checking performance. Our results show an optimal threshold of 55% and 85% for document and paragraph
chunking, demonstrating that majority aggregation does not always lead to the best strategy in automated fact-checking with

REALTICHECK.

We use Google Search as the retrieval engine throughout, follow-
ing prior work that identified it as the engine most commonly used
by fact-checkers [37]. To validate our search engine choice, ran the
pipeline on the same 174 claims with Bing and find Google retrieves
sufficient evidence for meaningfully more claims (170 vs. 139) and
yields higher macro-F1 (0.71 vs. 0.64). We share the detailed analysis
in Appendix 10.

In the study, these fact-checkers provide ground truth in deter-
mining whether claims are supported or not supported by evidence
they find in their fact-checking process; this is typically evidence
from online sources. To ensure a variety of claims, we ran our study
over several days, sourcing new claims every day. In this section,
we detail our experiment workflow and pipeline and describe how
well REALTICHECK performed at fact-checking recent claims.

6.1 Study Workflow

We recruited fact-checkers to determine whether a set of provided
claims were supported or not supported by online evidence. Below,
we outline the process in more detail.

Recruitment: We recruited seven experienced fact-checkers via
Upwork, a freelancing platform, to participate in our user study.
All participants demonstrated relevant experience in fact-checking
or expertise in closely related fields, such as journalism, politics,
law, and public policy. To verify their expertise, we reviewed their
Upwork profiles, which included portfolios and client feedback
specifically relevant to fact-checking and analysis. Prior to the
main study, we conducted a (successful) pilot study with one of the
recruited fact-checkers to test the entire user study process. We ran
our study over six days, from October 22nd, 2024 to October 28th,
2024, with fact-checking sessions held on five of those days. We
scheduled 2 or 4 fact-checkers on each day. The study, including
the pilot, was approved by our Institutional Review Board (IRB).
Each fact-checker signed a digital informed-consent form before

starting the task, and all work was performed remotely with no
exposure to sensitive personal data. We paid each fact-checker $150
per session, each of which lasted on average 196.56 minutes (for an
average hourly payment rate of $45.79).

Claim Selection: To align with REALTICHECK’s goal of verifying
near real-time information, we selected claims from recently pub-
lished online content. To find such claims, we crawled articles from
news domains identified by prior work [28, 29] as reliable or unre-
liable. Each day, we crawled 10 reliable domains (e.g., CNN, Wall
Street Journal) and 10 unreliable domains (e.g., Daily Caller, Zero
Hedge) and sourced articles that appeared in a 24 hour window.
We then used GPT-4o to identify sentences within each article
that met the following definition of a “claim,” drawn from prior
work and fact-checker guidelines [88].
Definition 6.1. A claim is a sentence which is “check-worthy” and
“factual”. To elaborate, a sentence is a claim if it:

(1) Contains a factual assertion.

(2) Does not contain subjective sentences (e.g., opinions, beliefs,

declarations).

We use this definition to prompt GPT-4o to identify claims. Fur-
ther, we prompt GPT-4o0 to select the top three most “interesting”
claims, where interestingness is based on general public interest
and journalistic value. We reused the two criteria that emphasize
the interest of the general public and journalists, as our goal was to
identify claims that would capture the greatest attention from these
groups. The other two criteria, which required claims to be factual
and objective, were excluded at this stage. This decision was based
on the fact that all sentences considered during this step had already
been identified as claims by GPT-40 and, therefore, inherently sat-
isfied the requirements of factuality and objectivity—criteria that
are binary in nature. In contrast, the notion of “interestingness”
is more nuanced and continuous. Here, our aim was to select the
claims that not only attract attention from the general public and
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Fact-checkers ‘ di dy d3 di dg

FC1 X X X

FC2 X X

FC3 X X

FC4 X X

FC5 X X X
FCe6 X X

FC7 X X

Table 4: Real-time Evaluation Schedule—Fact-checking ses-
sions with seven fact-checkers from d; to dgs. On d;—-ds, four
fact-checkers were paired daily to evaluate the same 25
claims. On d4, two fact-checkers evaluated another shared set
of 25 claims. On dg, each fact-checker individually evaluated
24 and 23 claims where previous pairs had disagreed.

journalists, but capture the most attention from them. We release
full prompts for both these tasks in our github repository.

Claim Rephrasing & Filtering: We also prompted GPT-40 to
rephrase each claim to remove ambiguities, such as unclear pronoun
references, to ensure that each claim could be checked completely
in isolation. In addition, this rephrasing step prevents fact-checkers
from simply searching directly for the sentence in their online
search process. Finally, we manually filtered to prioritize diversity
in claims to ensure broad coverage of different news events. We
selected claims spanning various topics and sourced from a range
of websites, with no more than one claim chosen per article. This
approach ensured a representative and varied set of claims for
evaluation.

Claim Assignment: With our seven fact-checkers, we designed a
schedule that spanned six days, with five active fact-checking days.
We designed the schedule such that we always had two or four
fact-checkers available on each day, such that each claim could be
fact-checked by two people. The number of (finally) selected claims
depended on the number of fact-checkers scheduled: 25 claims were
selected if two fact-checkers were scheduled, and 50 claims if four
fact-checkers were scheduled. Across all the five days with fact-
checking sessions (one day was a break), 42.53% of the claims came
from reliable sources, and 57.47% from unreliable sources. Table 4
shows our fact-checking schedule.

Interaction Protocol: Each day at 10 a.m. PST, we sent a Qualtrics
form containing 25 claims to each participating fact-checker. Fact-
checkers were instructed to label each claim as either “Supported”
or “Not Supported” based on online evidence they could gather.
For each claim, they were required to provide at least one URL
reference, relevant source text, and a brief explanation of their judg-
ment. For the study, we advised fact-checkers to remain politically
neutral, avoid using fact-checking websites such as FactCheck.org
as sources, and refrain from using large language models to gen-
erate responses or inform their decisions. Each claim was to be
evaluated in a single, uninterrupted session, with fact-checkers
recording the start and end times for each evaluation. To encourage
accurate reporting of time, we specified in the Qualtrics form that
their compensation would not be influenced by the duration they
reported. All evaluations were required to be completed by 5 p.m.
PST on the same day. Although we could not explicitly verify that
each fact-checker followed all instructions, we found no evidence
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Supported  Not Supported

Reliable 67 (90.54%) 7 (9.46%)
Unreliable 62 (62%) 38 (38%)
Total 129 45

Table 5: Fact-checkers’ Verdict Distribution by Source—
Distribution of fact-checking verdicts for 174 claims, catego-
rized by the reliability of their source domains (“Reliable” or
“Unreliable”). This distribution highlights that claims from
reliable domains were significantly more likely to be labeled
as “supported” compared to those from unreliable domains.

to the contrary in our final dataset. In sum, we collected ground
truth fact-checked verdicts for a total of 175 claims. One claim was
excluded due to accidental duplication, resulting in a final set of 174
unique claims. We present the claims we presented to fact-checkers
in our GitHub repository.

Resolving Disagreements: Although fact-checkers mostly agreed
on verdicts, there were 47 claims ( 27%) that fact-checkers disagreed
on; these were claims where evidence was sparse and developing.
To resolve disagreements, we recruited a third fact-checker who
had previously never seen the claim before to provide an additional
verdict and evidence to break the ties.

Deploying REALTICHECK in Real-Time with fact-checkers:
In order to provide a true comparison to fact-checkers, we ran Re-
ALTICHECK on all claims assigned to fact-checkers every day on
the same schedule as the fact-checkers. We did this to ensure parity
between the evidence available to fact-checkers (i.e., through search
or other means) and the evidence available to REALTICHECK. We
also store all evidence retrieved from our search queries. As an ad-
ditional step, REALTICHECK also filters out any documents sourced
from third-party fact-checking domains (e.g., Politifact, Snopes)
drawn from a list we compiled from the Duke Reporters’ Lab’s
dataset of global fact-checking sites [61] to reduce potential bias as
fact-checkers were instructed not to use existing fact-checked arti-
cles as evidence sources. We additionally discard any retrieved URL
whose address contains fact-checking indicators (e.g., "fact-check,'
"factcheck,' "truth-test," "fact-finders"), which catches fact-checking
articles hosted on domains that are not themselves on the list.

6.2 Dataset

Table 5 presents a summary of fact-checking verdicts across 174
claims. Out of 74 claims sourced from reliable domains, 67 (90.54%)
were labeled as “Supported,” while 7 (9.46%) were labeled as “Not
Supported.” In contrast, for the 100 claims originating from unreli-
able domains, 62 (62%) were labeled as “Supported,” and 38 (38%)
were labeled as “Not Supported” This indicates that claims from
reliable domains were significantly more likely to be labeled as “Sup-
ported” compared to those from unreliable domains. Overall, a total
of 129 claims (74.14%) were found to be “Supported,” and 45 claims
(25.86%) were found to be “Not Supported” by the fact-checkers.

Evidence Domain Distribution: For the study, we instructed fact-
checkers to provide at least one URL reference for each claim. For
each claim, we examined the URLs cited by the two or three assigned
fact-checkers and identified all unique domains (e.g., www. cnn. com,
www . nytimes.com) referenced as sources. We then calculated the
frequency with which each domain was cited across the 174 claims.
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Domain Count Prop. Domain Count Prop.
apnews.com 44 25.3% thehill.com 14 8.0%
nytimes.com 40 23.0% theguardian.com 13 7.5%
cnn.com 40 23.0% npr.org 12 6.9%
nbcnews.com 24 13.8% cnbc.com 10 5.7%
reuters.com 23 13.2% bbc.com 9 5.2%
cbsnews.com 20 11.5% usatoday.com 9 5.2%
newsweek.com 16 9.2% abcnews.go.com 8 4.6%
x.com 15 8.6% politico.com 7 4.0%
washingtonpost.com 15 8.6% whitehouse.gov 7 4.0%
pbs.org 15 8.6% axios.com 7 4.0%

Table 6: Top 20 Most Frequently Referenced Domains by
Fact-Checkers—Domains most often cited across 174 claims.
“Count” shows how many claims referenced each domain;
“Prop.” shows the percentage of total claims. Each domain
was counted once per claim, regardless of how many fact-
checkers cited it. These results highlight the key sources fact-
checkers relied on, reflecting source credibility and diversity.

‘ Supported ‘ Not Supported
Threshold | P R F1 | P R FI
25% .84 .83 .83 | 30 .82 .44
50% 85 .63 72 | 34 74 47
75% .88 43 58 | 43 53 47
100% 82 .18 .30 | .64 42 51

Table 7: Performance by Supported vs. Not Supported Votes
for all Claims. Precision (P), Recall (R), and F1 for all claims
across varying vote agreement thresholds (25-100%). Lower
thresholds favor “Supported” verdicts, while higher thresh-
olds improve “Not Supported” classification, implying the
trade-off between recall and precision.

Table 6 presents the 20 most frequently referenced domains, high-
lighting the credibility and diversity of sources utilized by fact-
checkers during their fact-checking process.

6.3 Results

We evaluate REALTICHECK using 174 recent claims with fact-checker
verdicts as ground truth.

Verification Performance: We begin by presenting the perfor-
mance of REALTICHECK across the various evidence thresholds
(Table 7). We show all configurations, rather than single “optimal”
configuration (as in Section 5) to demonstrate the inherent tradeoffs
REALTICHECK offers at different configuration levels. In particu-
lar, we present the binary precision, recall, and F1 scores for both
classes when adjusting entailment thresholds for the percentage of
“Supported” or “Not Supported” evidence verdicts in aggregate. For
example, at a 25% support-evidence threshold, we see REALTICHECK
achieves a support-class precision of 0.84 and support-class recall
of 0.83.

In sum, we find that REALTICHECK is highly effective at identi-
fying support-class claims and exhibits a standard precision-recall
tradeoff with varying evidentiary standards. As the evidence thresh-
old increases, we generally observe increased precision at the cost
of recall—with the highest F1 score at 0.83 at a 25% threshold. Al-
though precision improves somewhat with additional evidence (e.g.,
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‘ Supported ‘ Not Supported
Threshold | P R F1 | P R FI
25% 87 .88 .87 | .56 54 .55
50% 92 68 .78 | 42 .78 54
75% 97 34 50 (.30 .97 45
100% 1.00 .02 .04 | .23 1.00 .37

Table 8: Performance by Supported vs. Not Supported Votes
for Unanimous Claims. We show performance for claims
where fact-checkers had initial agreement (i.e., excluding the
claims on which they disagreed and a third fact-checker was
recruited to break ties). On claims where expert fact-checkers
arrive at a unanimous verdict, REALTICHECK’s performance
improves across thresholds, achieving a maximum support-
class F1 of 0.87 at a threshold of 25%.

from 0.85 to 0.88 at a 75% threshold), this comes as a significant ex-
pense to recall (0.43). For “Not support” class claims, REALTICHECK
achieves a maximum precision of 0.64 when all evidence fails to
support the claim (i.e., 100% threshold) and a maximum recall of
0.82 at a 25% threshold.

Interestingly, we find that REALTICHECK performance improves
further and nearly perfectly aligns with fact-checker verdicts when
the human fact-checkers initially agree on the claim verdict. Table 8
shows both “Supported” class and “Not Supported” class perfor-
mance metrics for the 127 claims where both fact-checkers initially
agreed. Performance increases significantly for support-class met-
rics, with a maximum support-class F1 of 0.87 at a 25% evidence
threshold. At the optimal threshold that maximizes macro-F1, we
find that REALTICHECK achieves 91% accuracy with macro-precision
of 0.82, macro-recall of 0.74, and macro-F1 of 0.77.

These findings offer important implications for deploying Re-
ALTICHECK in real-world contexts. Compared to REALTICHECK
performance on AVeriTeC claims (Section 5), which are highly cu-
rated pieces of more obvious falsehoods, our collection of recent
claims from a wide mix of trustworthy and untrustworthy sources
presents a significantly harder problem for automatic detection
and entailment. Even in this case, REALTICHECK performs well on
support-class claims, achieving an F1 of 0.83 at a 25% evidence
threshold. A potential opportunity for using REALTICHECK in prac-
tice could be to prioritize review of claims that are labeled as “Not
Supported” at this threshold, as these are much less likely to be sup-
ported by available evidence. REALTICHECK s tunable thresholds,
however, enables fact-checking organizations to further adapt the
system to their specific needs and review capacity, optimizing either
for identifying claims that are supported by evidence (low thresh-
olds on “Supported”), minimizing false accusations (high thresholds
on “Not Supported”), or balancing both objectives simultaneously.

Exploring misclassifications: For the configuration: “relevance
only” and document-chunking, which has the best performance
without losing a lot of claims, we found 41 claims were misclassified
out of N=170 claims in that configuration, out of which 13 were
false positives (a claim is flagged as “Supported” when it is “Not
Supported”) and 28 were false negatives (a claim was flagged as
“Not supported” when the claim was “Supported”). Using iterative
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Tag %  Tag %
Partial Evidence 56%  Partial Evidence 74%
Numerical Comparison  18%  Direct Contradiction 20%
Non useful Evidence 14%  Numerical Comparison 6%
Direct Contradiction 9% -
Model Mistake 3% -

(a) False neg. (b) False pos.

Table 9: Explaining errors in Entailment Verification on
Real-Time Data—We show the most common explanations
for errors generated by REALTICHECK. False positives and
false negatives are largely due to partial evidence, where
REALTICHECK overgeneralizes towards an outcome. Direct
numerical comparisons are prone to be classified as “Not
Supported” defacto. On the other hand, direct contradictions
lead to incorrect “Supported” outcomes.

open-coding, we labeled a sample of four incorrect entailments per
claim and study why models make such errors (Table 9).

For false positives, available evidence can confirm part of the
claim (but not in entirety), however, the per-chunk “Supported”
rate is high enough to cross threshold even though the model
overlooks key qualifiers. For example, consider the claim: “Andrew
Yang proposed that every person in the United States would receive
$1,000 per month as part of his universal basic income plan,” for
which all 26 retrieved evidence chunks (100%) returned “Supported.”
Each chunk confirmed Yang’s UBI proposal of $1,000 per month,
but Yang’s actual “Freedom Dividend” targeted “every American
adult,” not “every person.” A similar pattern appears in the claim:
“Starting in 2026, the federal government will negotiate the prices
of 10 of the most expensive drugs covered by Medicare for the first
time.” The model retrieved the evidence snippet: “On August 29,
2023, CMS published the list of 10 drugs covered under Medicare
Part D selected for the first cycle of negotiation,” and concluded the
claim was supported. However, this evidence merely mentions the
selection of drugs for negotiation and verifies neither the central
assertion about price negotiation nor the 2026 timeline.

False negatives occur in compound claims where evidence cor-
roborates each individual component of the claim but rarely all
of them together in a single chunk, so the share of “Supported”
verdicts falls below REALTICHECK’s aggregation threshold. For ex-
ample, in the claim “Michigan has increased security at election
centers statewide after Trump supporters attempted to storm a
counting center in Detroit during the 2020 election,” retrieved evi-
dence that confirmed both the 2020 storming attempt and recent
statewide security enhancements, but most chunks discussed only
one component or the other, and few established the temporal-
causal link between the two.

In both cases, a unifying issue is that the model reasons over
partial evidence which is a well-documented LLM limitation [20],
rather than tracking which components of a claim each chunk does
and does not verify. Treating “Supported” as the positive class for
this analysis, the error distribution in Table 9 shows that partial-
evidence errors account for 56% of false negatives (compound-claim
cases like the Michigan example, where evidence is scattered across
chunks) and 74% of false positives (overgeneralization cases like
the Yang and Medicare examples, where partial confirmation gets
extrapolated to full support). The rest of the errors are split across
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numerical comparisons, direct contradictions, and other model
mistakes.

REALTICHECK also encounters challenges with claims involving
direct and specific numerical comparisons—a well-documented lim-
itation across LLM-based fact-checking systems [4]. In the absence
of an exact value match, automated systems tend to default to a
“Not Supported” verdict, whereas human fact-checkers can leverage
contextual reasoning to interpret approximate matches and assess
the overall validity of a claim. This represents an important area
for future development in deploying LLMs for numeric-heavy fact-
checking settings, where the interpretation of quantitative evidence
often requires nuanced judgment beyond exact matching.

7 Discussion and Conclusion

In this section, we discuss the design implications and consider-
ations of the use for REALTICHECK, and present some concrete
directions for future research in automated fact-checking.

7.1 What Should LLMs be Responsible For?

Recent developments in research and industry aim to embed both
web search and reasoning directly into LLMs. Systems like Perplex-
ity, AskGrok, and newer OpenAl models integrate retrieval and
generation, often as black boxes with limited interpretability and
potential biases [14, 77]. Although LLMs getting access to tools
such as web search allow various applications, it has been shown
that this can lead to malicious use [40].

LLMs have been shown to be effective for aiding trust and safety
tasks such as content moderation [73] in assisting human raters
where they assist rather than replace human raters. Our central
design choice is to restrict the LLM’s role to natural-language rea-
soning, while evidence collection, filtering, and aggregation remain
configurable based on fact-checker needs. By decoupling these
stages, REALTICHECK supports explicit policy enforcement (e.g.,
source allowlists, query rate limits) and reproducible verification
trails, making sure evidence traceability and information fidelity is
not compromised. In tandem, we observe this limited scope also re-
duces the surface for hallucinations: To quantify this, we conducted
an experiment measuring hallucination rates in REALTICHECK’s en-
tailment and relevance verdicts. Specifically, we randomly sampled
100 claim-evidence pairs from our evaluation set and manually
annotated them for hallucinations, defined as instances where the
model introduced content not supported by the provided evidence.
We implemented this check as a lightweight annotation task, with
the lead author reviewing each verdict-evidence pair. In this sam-
ple, we did not identify any hallucinations. While fallacies remain
possible when relying on LLMs, our findings suggest they are rare
in this restricted reasoning-only setting.

7.2 Considerations of Use

There are several boundaries on acceptable use-cases for tools like
REALTICHECK in practice:

Interpreting Verdicts. REALTICHECK is best applied to claims
that can be checked against publicly available, published evidence.
Furthermore, we stress that while the system provides a verdict
for a claim, that we do not seek to decide whether a claim is true
or false, but rather, whether the existing claim is supported by the
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collected evidence. In security-relevant domains such as misinfor-
mation during elections, early reports are often sparse, fragmented,
or deliberately seeded with false leads. In such cases, the system’s
“Not Supported” verdict should be interpreted as evidence absent,
not evidence of falsehood—a distinction crucial for avoiding sup-
pression of true but underreported information.

Triage Policy for Fact-checkers: The goal of our system is to as-
sist human fact-checkers in reducing fact-checking load and not act
as a replacement for them. To achieve this, we leverage the high pre-
cision for the “Supported” class to reduce the load for fact-checkers.
This nature of triage has also been adopted in other contexts such
as content moderation and has successfully reduced the reviewer
load [73]. Although every claim ultimately requires fact-checker
adjudication, this triage approach enables fact-checkers to prioritize
their efforts rather than treating all claims equally. By surfacing
likely problematic claims first through the “Not Supported” queue,
fact-checkers can focus their initial attention on high-impact cases
where intervention is most needed, improving the efficiency and
effectiveness of the overall fact-checking workflow.

Triage by claim-type. Not all claims have equivalent evidence
wealth and reporting, leaving the potential for some types of claims
to be more readily analyzed than others. In a preliminary exper-
iment, we categorized 91 claims from the AVeriTeC data sample
into three groups: Health & Science (36 claims), Politics (40 claims),
and Economics (15 claims), and found that each had vastly different
success rates (0.86, 0.79, 0.60 M-F1 respectively). As such, future
work might explore early detection of the type of claim and use
this information to triage automated and human-effort.

Evidence Selection. Evidence selection can dramatically impact
REALTICHECK’s performance. We currently leverage web search
(Google) and a filter restricting evidence to identified news outlets
via NewsHomepages [87]. We found that restricting the evidence to
news sources only marginally improved verification performance.
For instance, using only mainstream news articles as evidence
yielded about a 5.9% increase in macro-F1, filtering for relevant
documents gave a 14.7% boost and applying both filters together
achieved a 19.1% improvement. These gains highlight that filter-
ing for relevance and news sources both contribute to verification
performance, with relevance filtering producing the larger effect.
Temporality of Outcomes. REALTICHECK’s verdict is bounded
by the available evidence during fact-checking. REALTICHECK ad-
judicates against evidence available at query time, and as that evi-
dence evolves, the correct verdict for the same claim can change. In
rapidly evolving situations such as natural disasters, early reports
are sparse and frequently revised. For example, during the August
2023 Maui wildfires, claims about which roads were closed and
which areas were under mandatory evacuation shifted hourly as
the fire advanced and conditions changed [35]. A claim such as
“the Lahaina Bypass is closed to civilian traffic” would have flipped
multiple times within a single day, and REALTICHECK verdicts on
such claims would have shifted accordingly. Claims can also start
false and become true as conditions catch up to the assertion. For
example, the claim “eight million people are enrolled in President
Biden’s SAVE plan” was inaccurate in September 2023 when about
four million had enrolled [72], but became accurate by early 2024
once enrollment crossed the threshold [53]. The reverse holds as
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well, that is, a claim that started as true can become false. For exam-
ple, “Kevin McCarthy is the Speaker of the House” was correct from
January through October 2023, when he became the first Speaker re-
moved by motion to vacate [71]. When interpreting a REALTICHECK
verdict, users should treat it as a snapshot tied to the time it was
checked rather than a standing label of veracity.

7.3 Limitations

Our work has several limitations. First, the study was conducted
in the US and thus was only evaluated using claims in English and
evidence based in the US. Furthermore, REALTICHECK currently
uses only textual data as evidence: as such, it cannot immediately
verify claims tied to images, videos, or other multimedia content.
While we sought to emulate a more realistic deployment scenario,
more work is necessary to evaluate how a tool like this might be
implemented in tandem with fact-checkers and evaluated in the
context of their workplace or work environment. REALTICHECK is
also downstream of several systems, such as search and commercial
LLMs, and as such, changes to these systems may also impact
REALTICHECK’s performance.

7.4 Future Extensions of REALTICHECK

Implementing REALTICHECK for End-Users. A natural next
step in the implementation of REALTICHECK is to design inter-
faces that seamlessly integrate fact-checking into everyday infor-
mation consumption. One promising avenue is the development of
a browser extension that allows users to highlight or select claims
encountered online and receive, in real time, both a system verdict
and an accompanying explanation. This interface enables visibility
into the evidence chain by displaying retrieved documents, inter-
mediate reasoning, and citations alongside the final verdict. This
transparency could increase user trust and support critical engage-
ment by showing not only what the system concluded, but also
why it reached that conclusion. Integrating REALTICHECK in this
way stresses human-AlI collaboration: rather than replacing user
judgment, the system can serve as an aid that provides structured
evidence and rationales, leaving the ultimate decision-making to
the individual. Design choices should emphasize usability and in-
terpretability, such as interactive evidence trails and collapsible jus-
tification panels. These considerations illustrate how REALTICHECK
could be translated from research to practice in settings where rapid
and reliable credibility assessments are most needed, such as during
elections or public health crises.
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Appendix
Ethics Considerations

In our work, we carefully evaluated the ethical implications of
our methodological choices on our stakeholders, who are potential
users of the system, platforms whose search infrastructure we used
to query and retrieve documents, individuals or groups that are
the subject of misinformation claims, and the professional fact-
checkers we hired as part of our user study. In hiring professional
fact-checkers, we made sure to pay a competitive rate for their
time ( $45.79/hr). The claims we asked each fact-checker to con-
firm were selected to be representative of their daily workflow,
and therefore no more harmful than what they might encounter
in the course of their normal work. We intentionally scoped RE-
ALTICHECK to not output binary true or false judgments as it is
not supposed to be interpreted as an “oracle of truth.” Instead, it
presents whether a claim is supported or not supported by the evi-
dence retrievable at the time. While REALTICHECK s judgement is
intended to aid fact-checkers’ workflows, we stress we do not seek
to replace critical, human-driven fact-checking work. We examine
many user-configurable choices (evidence sourcing, filtering, aggre-
gation) precisely so that deployments can adapt the system rather
than defer to it. All data in our study comes from publicly accessi-
ble news websites and web search results. We did not attempt to
bypass security measures or scrape private spaces in line with best
practices [69]. Our system makes approximately 5 web requests to
search engines per claim, which aligns with the number of requests
a professional fact-checker makes when conducting their work. A
potential risk is that our system may inherit biases from the sources
it draws on. To alleviate this, we explicitly filter sources and analyse
how source selection might shape outcomes. Since we are studying
politically sensitive claims and evaluating systems that can influ-
ence public discourse, we were deliberate in designing the system
to avoid potential misuse outside of its intended use-case. To this
end, our system is designed to preserve the autonomy of users.
Subjects of misinformation claims may themselves be harmed due
to the sharing and distribution of claims in this publication. Both for
clarity and reproducibility of our work, we have chosen to include
the exact claims (with names of public figures) in our paper text
and associated artifact, considering that such claims are already
widely spread on the Internet and our intention is to share them to
improve future fact-checking systems.

Open Science

We are committed to sharing our data and code with researchers
seeking to conduct future work in real-time fact-checking. We re-
lease the full implementation of REALTICHECK, which includes
claim detection and selection, query generation, evidence retrieval,
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filtering, entailment, and aggregation. We also include scripts to
reproduce our microbenchmarking experiments, study instruments
from our fact-checker study including the claims and survey materi-
als and the news domains used for filtering, are all made available in
our GitHub repository: https://github.com/Arshiaarya/Real TiCheck.

9 Models Comparison

We report a comparison across different LLMs tested with the
AVeriTeC microbenchmark. Most LLMs perform roughly equiv-
alently through entailment, with GPT-40 performing slightly better
than the others across all configurations. As such, we use GPT-40
for our experiments.

10 Search Engine Comparison (Google vs. Bing)

To isolate the impact of the web search engine in our real-time
pipeline, we re-ran our pipeline on same set from our real time ex-
periment, holding all other components fixed. We compare Google
Search vs. Bing under the relevance-only filter with document
chunking (our default real-time setting). We report macro-averaged
Precision/Recall/F1 over claims for which the system produced a
decision; N shows the number (and fraction) of claims contributing
to metrics under each configuration.

| MP MR M-F1 N
Google Search .70 74 71 170 (98%)
Bing 64 .63 64 139 (80%)

Table 11: Entailment Results - Search Engine Choice (Real-
Time, Relevance-Only, Document Chunking). With all else
fixed, Google yields higher macro F1 (+.07), primarily from
higher recall (+.11), and covers more claims (+18% absolute
coverage).

Takeaways. (1) Coverage: Google returns sufficient evidence for
more claims (N=170 vs. 139). (2) Quality: End-to-end performance
improves notably with Google, driven largely by recall (.74 vs. .63)
while maintaining higher precision (.70 vs. .64). Overall macro-F1
rises from .64 (Bing) to .71 (Google), as seen in Table 11.


https://github.com/Arshiaarya/RealTiCheck

	Abstract
	1 Introduction
	2 Background & Related Work
	2.1 Current Fact-Checking Paradigms
	2.2 Automated Fact-Checking
	2.3 LLMs and Fact-Checking

	3 Design Goals
	4 Design of RealTiCheck
	5 Microbenchmarking RealTiCheck
	5.1 Evaluating Query Generation
	5.2 Evaluating Data Division & Entailment
	5.3 Evaluating Aggregation
	5.4 Overall Performance and Cost

	6 RealTiCheck in Practice
	6.1 Study Workflow
	6.2 Dataset
	6.3 Results

	7 Discussion and Conclusion
	7.1 What Should LLMs be Responsible For?
	7.2 Considerations of Use
	7.3 Limitations
	7.4 Future Extensions of RealTiCheck

	8 Acknowledgments
	References
	9 Models Comparison
	10 Search Engine Comparison (Google vs. Bing)

