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Abstract

Fact-checking health-related claims has be-
come increasingly critical as misinformation
proliferates online. Effective verification re-
quires both the retrieval of high-quality evi-
dence and rigorous reasoning processes. In this
paper, we propose a two-stage framework for
health misinformation detection: Agreement
Score Prediction followed by Multi-Agent De-
bate. In the first stage, we employ large lan-
guage models (LLMs) to independently eval-
uate retrieved articles and compute an aggre-
gated agreement score that reflects the over-
all evidence stance. When this score indicates
insufficient consensus—falling below a prede-
fined threshold—the system proceeds to a sec-
ond stage. Multiple agents engage in structured
debate to synthesize conflicting evidence and
generate well-reasoned verdicts with explicit
justifications. Experimental results demon-
strate that our two-stage approach achieves su-
perior performance compared to baseline meth-
ods, highlighting the value of combining auto-
mated scoring with collaborative reasoning for
complex verification tasks.

1 Introduction & Related Work

The proliferation of health-related content on dig-
ital platforms poses significant challenges to en-
suring accurate medical information reaches the
public. Verifying health claims is critical for safe-
guarding public well-being, as false or misleading
information can cause substantial harm to individ-
ual and population health. Despite the vast volume
of health content available online, only a small
fraction is supported by robust scientific evidence,
underscoring the urgent need for automated verifi-
cation systems.

In open-domain fact-checking, traditional meth-
ods predominantly rely on BERT-based architec-
tures (Devlin et al., 2019). Pipeline-based systems
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employ BERT models to retrieve relevant evidence
sentences, followed by a classification module to
predict claim veracity. Joint systems perform evi-
dence retrieval and veracity prediction simultane-
ously within a unified model. While conceptually
straightforward, these approaches require prede-
fined knowledge databases and necessitate training
encoder-based models from scratch (Vladika et al.,
2024), limiting their flexibility and scalability.

The emergence of large language models
(LLMs) has introduced new paradigms. Tian et al.
(2024) deploy web retrieval agents to gather evi-
dence dynamically, enabling LLMs to assess suffi-
ciency and render verdicts. Singal et al. (2024) in-
tegrate retrieval-augmented generation (RAG) with
in-context learning (ICL) for veracity prediction.
Vladika et al. (2025) propose multi-turn LLLM inter-
actions that iteratively generate questions, retrieve
evidence, and reason about claim validity. How-
ever, these approaches typically lack explicit ev-
idence filtering mechanisms, relying directly on
outputs from web search tools or dense retrieval
models.

Recent work has explored multi-agent frame-
works for fact-checking. Hong et al. (2025) lever-
age multiple agents to evaluate evidence quality
and determine veracity, with provisions for re-
gathering evidence when necessary. Hu et al.
(2025), Liang et al. (2024), and (Liu et al., 2025)
adopt Multi-Agent Debate (MAD) frameworks to
enhance reasoning robustness and mitigate degen-
erate reasoning patterns.

Building upon these advances, we propose
a two-stage multi-agent debate framework for
health misinformation detection. Our approach
first employs LLMs to retrieve and evaluate high-
quality articles, computing an aggregated agree-
ment score. When evidence exhibits significant
disagreement—indicated by a score below a prede-
fined threshold—the system initiates a structured
multi-agent debate. Through iterative argumenta-
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Figure 1: Agreement Score Prediction (Stage 1). For a given claim c, entities F/(c¢) are extracted and passed
alongside c to a query generator to generate search queries (). Articles relating to () are collected into an article
set A. We extract topic relevance r, article weights w, and article verdict v for each article a € A. The results are

aggregated, resulting in the final agreement score o.

tion, agents collaboratively analyze conflicting evi-
dence to produce well-justified verdicts grounded
in explicit reasoning.

2 Methodology

In this section, we detail the implementation of
our proposed two-stage health misinformation de-
tection algorithm. The first stage takes a claim
as input and retrieves a set of articles relating to
the claim. Each article is classified as to whether
it Supports or Refutes the claim, and the predic-
tions are aggregated. When the agreement among
predictions is high, the veracity of the claim is
determined by majority vote. In the case of low
agreement, we initiate the second stage multi-turn
debate. Two opposing agents are provided with
supporting evidence collected during the first stage,
and a judge agent supervises the debate process
until the claim’s veracity can be determined. The
details of each stage are presented in the following.

2.1 Agreement Score Prediction

Figure 1 illustrates the first stage framework of our
approach. For a given claim ¢, we first extract a set
of entities E/(c¢) from c using an LLM. The entities
are keywords or phrases from c that the claim is
focused on. The claim ¢ and entities F(c) are then
provided to an LLM to generate a set of queries
Q. Each query g € @ is sent to a search engine
for article retrieval. The article sets retrieved from
each query are de-duplicated and merged to form
the article set A.

Given the obtained queries (), entities F(c), and
article set A, we prompt an LLM to extract the
following information from each article a € A.
Specifically, we look for:

1. Topic Relevance: Check whether the arti-
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cle a contains content relevant for all enti-
ties in E(c). We define this relevance as
r(a,E(c)) € {0,1}, where r(a, E(c)) = 1
if the article contains content relevant for all
entities in F(c) and r(a, E(c)) = 0 other-
wise.

Attribute Assessment: Evaluate whether ar-
ticle a contains the following attributes: Prob-
lem Statement, Experimental Setup, Findings,
Statistical Significance, Limitations, and Re-
sults. These 6 attributes reflect the structure of
modern scientific publications. Specifically,
an article that coverts the 6 attributes are often
more thorough in its claims. We define the
article weight as:

D

a€ Attributes

w(a) lla €a] €{0,1,...,6}

where 1[-] is the indicator function for whether
attribute « is in article a.

. Article Verdict: Determine whether the con-
tents of the article a support or refute the
claim c¢. We denote v(a,c) € {—1,1} where
v(a,c) = 1 indicates support and v(a,c) =
—1 indicates refute.

We then compute the agreement score o(c, A) €
[—1, 1] for claim ¢ and article set A as:

o(c,A) = % Z r(a, E(c)) - w(a) - v(a,c),

a€A

where
Z = Zr(a,E(c)) -w(a)
acA

is the normalizing constant. We consider the
case where Z # 0 by assuming quality relevant
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Figure 2: Multi-Agent Debate (Stage 2). Articles from the first Agreement Score Prediction stage are organized
into supporting and refuting evidence sets Ai and A®, which are provided to agents D and D_, respectively.
Each agent begins with an opening statement based on their evidence set, after which the judge initiates the debate.
In each round, agents review their opponent’s argument before providing a counterargument. After each round, the
judge determines whether sufficient information exists to reach a verdict. If not, the debate continues for another
round. The process concludes when the judge reaches a final verdict.

articles to be available within the search engine
results.

We introduce a threshold 7 > 0 to quantify the
level of agreement among the retrieved articles. If
|o| > 7, this indicates that most articles consis-
tently support or refute the claim. When such high
level of agreement exists, the first stage directly
outputs support for ¢ > 7 and refute for o < —r.

Conversely, an agreement score |o| < 7 indi-
cates a significant level of disagreement among the
articles. In this case, we pass the results to the
second stage for debate.

2.2 Multi-Agent Debate

Figure 2 illustrates the second stage framework
of our approach. We employ a multi-agent debate
framework based on the work by Liang et al. (2024).
The debate framework involves three agents: the
Support Agent D, Refute Agent D_, and Judge
Agent J. Evidence is first prepared using the re-
sults from the first stage before initiating the debate.

Evidence Preparation: Given the article set A,
we select two disjoint subsets Ay and A_ from A
such that:

Ay ={ac Alv(a,c)=+1, r(a,E(c)) =1},
A_={a€c Alv(a,c)=-1, r(a,E(c)) = 1}.

Articles in Ay and A_ are ranked in descending
order using w(a), and we limit each set to contain
an equal number of articles. For each article in the
remaining sets, we prompt an LLM using the claim
c to extract passages from the original text that
supports or refutes claim c along with its reason.
We concatenate the LLM responses from all articles
insets A4 and A_ into AS and A®. We denote A3
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and A? as the supporting and refuting evidence
throughout the debate process.

Opening Statement: The support agent D, and
refute agent D_ begins with an opening statement
by presenting the evidence in Ai and AS. We
denote the outputs of the support and refute agents
as

SV = D,(43), SO =D.(42).

Each agent also maintains a conversation history
H. Following the opening statement, we initialize
each agent’s history as

1 = (59}, HY = {50},

The judge agent’s history is initialized using the
opening statements given by the two debate agents

H = {5, 50},

Next, the judge initiates the debate process, and we
proceed to the first round of debate.

Debate Process: In every debate round, each
agent responds to the opposing agent’s statement
S(=1) ysing its past conversation history H (1),
The outputs of the support and refute agent from
the ¢-th round are given as

S_S_z) =D, (S(i—l)’ H_*(‘ifl)

SO = p (V1 HE-D).
The debate agent’s histories are updated by con-

catenating the opposing agent’s response along
with the current response

HY =1 050 50,
HD = g g 50D g 59,



The judge agent .J takes the response from both
agents along with its own history H J(Zfl), and de-
cides whether sufficient information exists to reach
a verdict. Specifically,

o0 = g (s, 59, mf )

where () ¢ {support, refute, continue}. If
the judge agent believes an argument is compelling
enough, the verdict 8 € {support, refute} is
returned. If neither argument is sufficiently con-
vincing, the judge agent outputs #) = continue,
and the debate continues for another round.

The judge’s history is also updated by appending
the debate agent responses

B =1 e sV e s

To prevent indefinitely long debates, we limit
the process to a maximum of M rounds, after
which the judge must reach a verdict §(M) ¢
{support, refute} based on the debate history.

3 Experiments and Setup

3.1 Datasets

We consider the following health-related datasets
for our experiments.

SciFact (Wadden et al., 2020) contains expert-
written biomedical claims derived from medical
paper abstracts. We use the development subset,
consisting of 188 claims: 124 supported and 64
refuted.

TREC-Health (Pugachev et al., 2023) is con-
structed from the TREC 2019 Decision Track
(Abualsaud et al., 2020) and the TREC 2021 Health
Misinformation Track (Clarke et al., 2021), both
of which target challenges in search engine results
related to health misinformation. The dataset in-
cludes 113 consumer health questions, of which 61
are supported and 52 are refuted.

HealthFC (Vladika et al., 2024) consists of ev-
eryday health-related claims spanning diverse top-
ics. We use a subset of 327 claims: 202 supported
and 125 refuted.

3.2 Maetrics

We report macro-precision, macro-recall, and
macro-F1 as evaluation metrics. These are standard
in fact-checking tasks, as they provide a balanced
analysis of prediction performance across labels.
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3.3 Baseline Algorithms

We consider WEBAGENT (Tian et al., 2024) and
STEPBYSTEP (Vladika et al., 2025) as benchmark
algorithms. Among them, STEPBYSTEP repre-
sents the current state-of-the-art in health-related
fact-checking. For fairness, all methods, including
ours, use the Brave search engine (Brave Software,
Inc.) and GPT-40 (OpenAl, 2024) as the underly-
ing LLM. Each algorithm is executed three times,
and we report the best performance.

For our framework, we set the parameters as
follows: entity set size |E(c)| = 2, query set size
|Q| = b5, article set size |A| = 10, agreement
threshold 7 = 0.7, and debate round limit M = 5.

3.4 Comparison Results & Analysis

The experimental results are shown in Table 1.
Our first-stage-only method achieves better per-
formance comparable to WEBAGENT, although
STEPBYSTEP remains challenging to surpass.

When the second-stage debate mechanism is
incorporated, our approach yields substantial im-
provements over the first-stage-only variant: F1
scores increase by +3.1 on TREC-Health and 4-8.1
on HealthFC. This demonstrates that, in cases of
uncertain agreement among retrieved articles, the
debate mechanism enables more effective reason-
ing and leads to stronger overall performance.

Compared to STEPBYSTEP, our two-stage
pipeline achieves higher F1 performance by +0.8
on TREC-Health and +1.4 on HealthFC. Notably,
our method maintains a balance between precision
and recall, whereas STEPBYSTEP tends to favor
high recall at the expense of precision.

Table 2 reports results on the high-agreement
subset. High coverage and strong performance in
this setting show that the first stage can reliably
resolve many claims. However, when evidence is
sparse or contradictory, the second-stage debate
provides the additional reasoning needed, under-
scoring its critical role in the framework.

4 Conclusion

We proposed a two-stage framework for health
misinformation detection that combines agreement
score prediction with multi-agent debate. The first
stage leverages weighted agreement scoring to re-
solve claims directly, while the second stage pro-
vides explainable reasoning through debate.
Experiments on three health datasets demon-
strate consistent improvements over strong base-



Method SciFact TREC-Health HealthFC

P R F1 P R F1 P R F1
WEBAGENT (Tian et al., 2024) 80.1 832 806|762 756 757|780 783 78.1
STEPBYSTEP (Vladika et al., 2025) | 86.1 89.5 87.8 | 69.9 951 806 | 72.6 91.6 81.0
OURS (1ST STAGE ONLY) 849 86.1 855|838 782 783|769 734 743
OURS (1ST STAGE + 2ND STAGE) | 824 853 83.1 | 81.3 81.5 814 | 82.1 827 824

Table 1: Performance comparison across three datasets (SciFact, TREC-Health, and HealthFC) using macro
precision (P), recall (R), and F1 score. Best results are in bold.

SciFact | TREC-Health | HealthFC
Coverage | 64.9% 50.1% 58.1%
F1 Score 92.0 88.6 84.0

Table 2: Results on the high-agreement subset. Cover-
age (%) denotes the proportion of claims settled without
debate in the first stage, while F/ Score reports the score
for those claims.

lines, including gains of 4+-0.8 F1 on TREC-Health
and +1.4 F1 on HealthFC, with a better balance
between precision and recall. These results under-
score the value of integrating evidence consistency
with structured debate, advancing reliable and ex-
plainable health misinformation detection.

Limitations

While our two-stage framework achieves strong
performance, it also entails certain limitations.
First, as the approach relies on LLMs, the debate
judge may still be affected by model biases or oc-
casional hallucinations. Second, the multi-agent
design requires multiple API calls, introducing ex-
tra computational cost; however, this cost is mod-
est compared to the performance gains. Finally,
our current evaluation is limited to binary-labeled
datasets. Extending the framework to more nu-
anced settings, such as incorporating a Not Enough
Information class, represents a promising direction
for future work.
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