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1 Introduction

The rapid dissemination of fake news on social media platforms has become a critical issue, posing
severe risks to both individuals and society. For instance, during the early stage of the COVID-19
pandemic, a widely circulated fake news that “Face masks drastically reduce oxygen intake and cause
carbon dioxide toxicity."” led many people to refuse to wear masks, which made the virus spread
faster and put extra pressure on healthcare systems around the world. Later, trusted scientific
organizations disproved this claim and provided detailed justifications, helping to rebuild public
trust in mask usage. This case suggests how important solid justification is in reducing the social
harm caused by fake news. However, merely relying on traditional journalism to detect fake news
is not practical, since it is labor-intensive and time-consuming, which results in limited coverage
and delays in debunking. Thus, it demands an automated method, aiming not only to detect fake
news but also to provide timely and clear justifications.

Many studies have explored explainable fake news detection, which aims to perform veracity
detection and generate explanations simultaneously [35]. Initially, some works use the relevant
reports as supporting data, and then highlight discrete words, phrases, or sentences from them
that have high contributions to the final prediction, to bring some content of interpretability
[48, 52, 57, 71]. However, these fragmentary explanations lack the intuitiveness? and credibility3
needed for clear understanding. Motivated by the effectiveness of human justifications in veracity
prediction [1], Atanasova et al. [4] proposed to generate explanations by summarizing debunked
reports. While this method improves explainability, it inevitably suffers from delayed detection
and explanation generation, as debunked reports are not always available and typically require
substantial human effort, which also makes the approach inefficient. More recently, inspired by the
effectiveness of the wisdom of crowds in fact-checking [2], Yang et al. [74] proposed leveraging
externally retrieved raw reports containing collective wisdom as candidate evidence for both
detection and explanation. While these reports providing diverse perspectives can support veracity
prediction, the generated explanations are still produced in an extraction-based manner. As a result,
the selected pieces of evidence are often discrete, lacking a coherent reasoning process and failing
to produce explanations that are fully aligned with the model’s final decision.

Large language models (LLMs) offer a promising direction to this issue, as they have demonstrated
strong capabilities in language processing [17, 21, 49, 50, 82]. Despite their strengths, LLMs are
often limited by the information contained in their training data and may struggle with answering
time-sensitive or domain-specific queries accurately [6, 83]. In addition, they are prone to producing
factually incorrect or ungrounded outputs, commonly referred to as hallucinations [28, 81]. To
alleviate this limitation, retrieval-augmented generation (RAG) [37] has emerged as one of the most
representative advanced techniques, aiming to enhance LLMs-based generation by integrating
information retrieved from external data sources [18, 29, 37, 78]. RAG has been applied to various
fields, such as question answering [22, 46], recommendation systems [42, 70], and fact checking
[11, 30]. For fake news detection, some studies [10, 67, 79] typically retrieve relevant information
about a claim from external sources and then use LLMs for reasoning to determine the veracity of the
claim. The reasoning process of LLMs can naturally be regarded as a form of explanation. However,
the correctness of such reasoning strongly depends on the quality and credibility of the retrieved
evidence, but the time-sensitive nature of breaking news makes it highly challenging to obtain
reliable external knowledge. Existing approaches differ in their choice of retrieval sources. Some
retrieve from verified knowledge bases like Wikipedia [67, 76, 77, 79], which ensures high credibility

Thttps://www.bbc.com/news/53108405
Intuitiveness reflects how easily a human can understand and follow the explanation.
3Credibility denotes the perceived trustworthiness or reliability of the information [7].
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Claim: After the discharge of nuclear-contaminated water, tha\rge Decomposed sub-claims:
won't be any healthy salt left for humans to consume. (34 ¢, : The discharge of nuclear- &
R1: Nuclear-contaminated water will pollute seawater and cause salt contaminated water will spread widely o @
to cause cancer. It's better to stock up on some healthy and safe salt in the ocean. ) \/
while we can. ... [support] ¢, : The discharged water contains \ .
| R2: Damnit! 'm going o buy saltl. ... [support] harmful radioactive substances that 3
""" Al irrieie e persist in the environment. ¢ l
R3: Don't spread panic! In the current global salt production, rock
salt accounts for 41%, underground brine and salt lakes account for c3: Sea salt production is significantly @ / g
29%, and sea salt accounts for 26%. Even if nuclear-contaminated affected by radioactive contamination. % / \
water has an impact on sea salt, humans still have other sources of ¢4 : Current purification and
| saltto consume. ..~ refute] monitoring methods are insufficient to ‘s & &
R4: Thfe presence of nuclear contaminated water increases the risk ensure salt safety. ) Independent Graph
of salt-induced cancer. ... [support] 5 : The only source of salt is sea salt.

Fig. 1. A false claim from Sina Weibo. Left: The comparison of informativeness and soundness between two
competing parties serves as an indicator of veracity. Right: The different modeling of decomposed sub-claims.

but is limited in its coverage of up-to-date information for verifying breaking news. Others retrieve
from unverified sources such as online comments or user-generated content [10, 14, 68, 80], which
are more up-to-date but may contain false or biased information. Directly regarding them as gold
evidence may lead to incorrect predictions. Thus, it remains a key challenge to accurately leverage
the rich yet unverified information expressed in raw reports to support fake news detection.

To address the challenge, we draw inspiration from recent advancements in stance detection
[34, 38, 45, 73], which suggest that the diverse and sometimes conflicting insights presented in raw
reports are vital signals in the pursuit of truth. Based on this insight, we propose to split the wisdom
extracted from the retrieved raw reports into two distinct parties, which allows the detection to
rely on the quality of wisdom rather than its quantity. For instance, as shown in Figure 1 (left),
a representative example illustrates how competing parties emerge around a false claim. For the
supporting party, R1 and R4 briefly discuss the potential link between salt consumption and cancer,
and R2 restates the claim without introducing new information. In contrast, R3 provides the refuting
party with detailed evidence that illustrates its unique viewpoint, which is informative, sound, and
persuasive. This observation motivates an assumption: in a pair of competing parties, the side that is
more consistent with the actual veracity of the claim tends to be supported by evidence with greater
informativeness and soundness* than the opposing side. Accordingly, when an LLM is prompted to
generate explanations based on the evidence from each side, the resulting explanations tend to
reflect the difference in evidence quality. The explanation grounded in the side consistent with the
true veracity label is more likely to exhibit higher quality. We empirically examine this tendency
in Appendix B. Consequently, the veracity of news can be determined through a comparative
analysis between two competing parties. Therefore, our previous work [65] introduced an LLM-
equipped defense-based® explainable fake news detection (L-Defense) framework that models this
comparative reasoning process to assess veracity. Specifically, L-Defense extracts two competing
evidence sets, prompts an LLM to generate justifications by inferring reasons for both possible
veracity labels, and compares their quality to determine the final verdict. The final explanation is
then adaptively selected based on the prediction.

Despite the effectiveness of L-Defense in detecting fake news and generating human-friendly
explanations, its outputs remain coarse-grained, especially for complex claims. For example, given
the claim shown in Figure 1 (left), L-Defense generates the explanation based on one retrieved report
R3, which focuses solely on one aspect of the claim, i.e., “sea salt is not the only available salt source”.

4Soundness reflects the factual accuracy and logical coherence of the explanations [66].

5The term “defense” in this paper denotes a debate-style reasoning process between competing viewpoints to assess claim
veracity.
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However, it fails to address other crucial aspects, such as “whether the nuclear-contaminated water is
actually being discharged?” and “whether it affects the production of sea salt?”. This limitation arises
because retrieval and reasoning are performed at the full-claim level, which may overlook important
sub-aspects and result in incomplete explanations that hinder user understanding. To address this
issue, several prior works propose to decompose a claim into multiple sub-claims to facilitate
multi-step reasoning [10, 11, 67, 79]. For each sub-claim, they retrieve relevant evidence and verify
its veracity independently. As illustrated in Figure 1 (right, Independent), they aggregate the results
to assess the overall claim. While this improves the granularity of reasoning and explanation,
these methods do not consider the relationships between sub-claims. In many cases, inferring the
veracity of one sub-claim may require others as contexts. Modeling the claim and sub-claims in a
graph structure will further improve reasoning. For example, as shown in Figure 1 (right, Graph),
the sub-claim c3 (“sea salt production is affected”) depends on ¢; (“nuclear-water spreads widely”)
and ¢, (“the discharged substances persist in the environment”). Such dependencies are essential for
accurate reasoning, and overlooking them can lead to fragmented explanations. Moreover, unlike
the approaches that treat sub-claims independently, the graph clearly indicates that the claim ¢
relies on c3, c4, and c5 simultaneously, providing a more intuitive explanation. Based on this insight,
we enhance L-Defense with claim decomposition and propose modeling the sub-claims as a graph
structure, which enables the representation of rich dependency relationships among sub-claims.
To this end, in this study, we propose a novel graph-enhanced defense framework for explainable
fake news detection, which strives to perform fine-grained reasoning based on claim-centered
graphs and pursue the veracity of claims in a defense-like way. Specifically, we first introduce a
graph construction module that decomposes a news claim into several sub-claims and derives the
dependency edges between them using an LLM, resulting in a claim-centered graph. Then, for
each sub-claim, we use RAG to retrieve its relevant evidence and prompt the LLM to generate
competing explanations by inferring reasons towards two possible veracity labels. This step ensures
that diverse perspectives from raw reports are fully considered. To make the final prediction,
we integrate the generated explanations into the claim-centered graph and employ an LLM to
conduct reasoning over the graph, naturally combining graph-based reasoning with defense-like
inference. In this way, comparing the informativeness and soundness of the two explanations helps
the model determine the most plausible veracity label. Finally, based on the predicted label and
the constructed claim-centered graph, we prompt an LLM to infer the veracity of each sub-claim
and generate a concise textual explanation summarizing the reasoning. Meanwhile, we can obtain
a subgraph as the final explanation graph by removing the explanations that are not consistent
with the sub-claims’ veracities. This explanation graph highlights the dependencies among all
relevant sub-claims, their veracities, and corresponding explanations, enabling users to intuitively
understand the truthfulness of each aspect of the claim. Our main contributions are summarized as:

— We substantially extend the LLM-equipped defense-based explainable fake news detection
(L-Defense) method published in our recent work [65] by mimicking the human thinking
process. Instead of assessing a claim as a whole, we decompose it into sub-claims, enabling
the model to handle more complex claims and support more fine-grained reasoning.

— We develop a novel graph-enhanced defense framework that not only uses competing wisdom
extracted from retrieved reports, but also leverages the internal dependencies among sub-
claims, enabling more structured and reliable reasoning for fake news detection.

— The proposed framework generates an intuitive explanation graph accompanied by fine-
grained textual explanations, which are comparable to those of human experts and do not
require supervision from debunked reports.

, Vol. 1, No. 1, Article . Publication date: April 2026.
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— We conduct extended experiments by exploring multiple variants of G-Defense, which validate
both the effectiveness and the extensibility of the proposed framework.

— The proposed framework achieves state-of-the-art performance on two benchmarks while
providing more comprehensive and reliable veracity explanations.

2 Related Work
2.1 Explainable Fake News Detection Before the LLM Era

Explainability is a critical challenge in fake news detection, and many studies have been devoted
to addressing it. Early works typically use attention mechanisms to highlight salient phrases
[52, 71], news attributes [72], and suspicious users [41, 43] to provide explainability. In order
to gain more human-readable explanations, later works further employ sentence-level attention
mechanisms to identify important sentences as explanations [44, 48, 57]. However, these methods
merely uncover regions with high contributions to the veracity prediction rather than regarding
the explanation generation as a dependent task. To address it, Kotonya and Toni [36] views the
explanation generation task as a pre-trained extractive-abstractive summarization task. Atanasova
et al. [4] formats explainable fake news detection as a multi-task learning problem and develops a
joint model trained using external debunked reports gathered from fact-checking websites. However,
debunking claims is a labor-intensive and time-consuming process, leading to significant limitations
in coverage and delays in the availability of debunked journalism. To alleviate this issue, Yang et al.
[74] employs debunked reports as supervision during training, and focuses on the majority opinions
expressed in relevant crowdsourced raw reports to enhance prediction and evidence extraction.
However, it overlooks the inaccurate and biased information in unverified reports, which may
lead to misleading results. Moreover, the extracted evidence, being discrete and fragmented, still
struggled to meet users’ needs for comprehensive and intuitive explanations. In addition, all of
these methods struggle with complex news claims, as they directly analyze the claim without
digging out fine-grained relevant information. Fortunately, the emergence of LLMs with powerful
reasoning and generating abilities presents promising solutions.

2.2 Large Language Models in Fake News Detection

Recent advances in LLMs have shown remarkable performance in various tasks. Researchers have
attempted to employ LLMs for fake news detection. With pre-training on massive corpora, LLMs
inherently contain lots of commonsense and factual knowledge in their parameters, which can be
beneficial for identifying false information. Hu et al. [23] explores the potential of LLMs in fake
news detection, and points out that they are appropriate to provide multi-perspective rationales for
detection, but underperform the fine-tuned language models on detection performance. Then they
propose an adaptive rationale guidance network in which fine-tuned language models selectively
acquire insights on news analysis from the LLMs’ rationales. Similarly, some works prompt LLMs
to generate more viewpoints or human-like reviews to provide more information. DELL [64]
engages LLMs to generate news reactions to represent diverse perspectives and explanations
for proxy tasks to enrich the contexts of news articles. With an LLM-based expert ensemble
module, it selectively integrates LLM-generated contents to obtain the final prediction. GenFEND
[47] generates comments by prompting LLMs with diverse user profiles and analyzes them from
multiple perspectives. Although their success in providing multiple viewpoints, LLMs suffer from
severe hallucinations [5, 31, 81], such contents generated through a role-play strategy inevitably
introduce nonfactual or biased information. Moreover, LLMs rely on static knowledge encoded
during pretraining, which limits their ability to handle breaking news.
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To address these limitations, RAG [9, 37, 53] has been proposed to enhance LLMs by incorporating
externally retrieved relevant information during generation. It enables LLMs to produce accurate
and contextually relevant outputs with augmented external knowledge, mitigating the hallucination
issue, achieving great results on many knowledge-intensive tasks [20, 29]. In fake news detection,
some works introduce RAG to improve the performance of detection. To counter misinformation,
RARG [76] collects supporting evidence from scientific sources and generates responses based on the
evidences via reinforcement learning from human feedback (RLHF). RAFTS [77] retrieves relevant
documents from verified sources like Wikipedia and conducts fact verification by synthesizing
contrastive arguments. Furthermore, to detect complex news claims, many works propose to first
decompose the claim into several sub-claims or questions, and then verify these sub-claims step-
by-step through retrieval to derive the final prediction. For example, FOLK [67] leverages LLMs to
translate the claim into a First-Order-Logic (FOL) clause consisting of several sub-claims, and then
retrieves knowledge-grounded answers from external knowledge sources for each sub-claim. Based
on FOL-guided reasoning over a set of knowledge-grounded question-and-answer pairs, it makes
veracity predictions and generates explanations. Zhang and Gao [79] introduces a hierarchical
step-by-step prompting method that directs LLMs to separate a claim into several sub-claims and
then verify each of them via multiple question-answering steps progressively.

Despite their success in detection and explanation generation, they are developed for an unreal-
istic scenario. They rely on knowledge from verified sources, which is often limited for emerging
news claims, or access to evidences published after a claim was verified, suffering from ground-truth
leakage [10]. To address this issue, Chen et al. [10] introduces a pipeline for realistic fact-checking
of complex claims. It decomposes claims into sub-questions and answers them by retrieving raw
evidence from web documents. Cheung and Lam [14] uses LoRA tuning [24] to train a LLaMA-based
[61] detector with filtered retrieved knowledge. Zhang and Gao [80] propose a two-level strategy to
gather fine-grained feedback from the LLM, which serves as a reward for optimizing the retrieval
policy, by rating the retrieved raw documents based on the non-retrieval ground truth. Although
these works aim to operate in more realistic settings, raw documents often contain inaccurate or
biased information, which may lead to incorrect predictions. To address the challenges of incor-
porating such unverified and potentially misleading evidence in realistic settings, we propose a
defense-like strategy that helps the model focus on more reliable information. In addition, these
methods demonstrate that claim decomposition could bring great performance improvement, as
also supported by the detailed analysis in Hu et al. [25]. However, they typically verify sub-claims
independently and aggregate the results to assess the overall claim, overlooking the underlying
dependencies and interactions among them. To address this limitation, we propose constructing a
claim-centered graph that explicitly captures the relationships between sub-claims and facilitates
more comprehensive reasoning.

2.3 Large Language Models on Graphs

While LLMs are widely applied to textual data, an increasing number of studies explore their
use in scenarios where textual information is accompanied by structural data in the form of
graphs. Specifically, many works have extended LLMs to handle text-rich graphs [13, 19, 32, 75].
A straightforward method to adapt LLMs to graphs is to translate the graph structure into a text
sequence with specially designed rules and then regard the LLM as a predictor to finish the graph-
related task. For example, InstructGLM [75] uses natural language to describe graph structure
for each node and then instructs an LLM for node classification and link prediction. Huang et al.
[27] investigates why the structure information in text format can improve the performance of
LLM on node classification and finds that the structure information is beneficial when the textual
information associated with the node is inadequate. Fatemi et al. [19] explores various graph-to-text
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Fig. 2. An architecture overview of the proposed Graph-enhanced Defense framework for explainable fake
news detection (G-Defense). Given a claim c, the graph construction module first constructs a claim-centered
graph through claims decomposition and edge generation, where the claim is decomposed into n sub-claims.
Each sub-claim ¢; is then individually processed to retrieve evidence and generate competing explanations.
Next, the claim-centered graph enriched with explanations is used for defense-like inference to derive the
veracity prediction of the claim. Finally, an explanation graph and a summarized explanation T can be derived
from the last module.

encoding strategies and observes that the simple description of a node’s one-hop index information
yields strong performance across multiple tasks. Inspired by these works, we propose to engage an
LLM to conduct veracity prediction on our generated claim-centered graph to effectively utilize
both textual and structural information.

3 Proposed Approach

This section begins with the task definition for explainable fake news detection and an overview
of the proposed Graph-enhanced Defense framework (G-Defense). It subsequently presents its
four modules: the graph construction module (§3.1), the competing explanation generation module
(§3.2), the defense-like inference module (§3.3), and the explanation summarization module (§3.4).

Task Definition. Given a news claim c¢ associated with a gold veracity label y, explainable fake
news detection aims to predict a veracity label y* of claim ¢ and provide an explanation support-
ing the prediction. To assist this process, a set of relevant raw reports D = {dy, ds, ....d|p|} are
pre-retrieved as external database to support reasoning and explanation generation, where each
dj = {x1,x3, ..., x|dj‘} denotes a relevant report consisting of a sequence of sentences. Notably, the
reports from fact-checking sources and any content published after the release of correspond-
ing fact-check conclusions are strictly excluded from D to avoid potential leakage of ground
truth. In this work, we evaluate our framework on two benchmark datasets, RAWFC and LIAR-
RAW [74], each pairing news claims with raw reports retrieved before the release of official
fact-checking articles. These datasets provide a realistic setting for early fake news detection,
where only unverified reports from the open web are available. Depending on the dataset, the
predicted label y* can be either in the set {false, half, true} for RAWFC, or in the finer-grained set
{pants-fire, false, barely-true, half-true, mostly-true, true} for LIAR-RAW. Detailed descriptions and
statistics for both datasets are provided in §4.1.

Overview of G-Defense. G-Defense decomposes a claim into several sub-claims and organizes
them into a dependency graph, enabling fine-grained reasoning. Moreover, for each sub-claim,
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Fig. 3. An illustrative example of the graph construction process.

G-Defense generates supporting and refuting explanations from retrieved raw reports, allowing the
model to compare competing viewpoints before making a final decision. The framework shown in
Figure 2 consists of four modules: (1) graph construction, the claim is decomposed into sub-claims
and organized into a dependency graph; (2) competing explanation generation, supporting and
refuting explanations are produced for each sub-claim using retrieved raw reports; (3) defense-
like inference, the explanation-enriched graph is encoded and used to predict the veracity; (4)
explanation summarization, a final explanation graph and concise textual justification are generated
to provide intuitive explanations.

3.1 Graph Construction

In real-world scenarios, news claims are often complex and multifaceted, containing multiple
implicit assumptions and logical links. Human experts typically do not evaluate such claims as a
whole. Instead, they tend to break them down into smaller pieces, evaluate each sub-claim using
background knowledge and evidence, and then form a global decision based on how these pieces
interact. Inspired by this human-like thinking process, prior works have proposed to decompose
news claims into multiple sub-claims [10, 11, 67, 79]. However, these methods treat sub-claims as
independent units, overlooking the interactions between them. Inferring the veracity of one sub-
claim sometimes requires some additional context, such as the interpretation of other sub-claim(s).
Some sub-claims may only be meaningful when referring to others, so treating them as isolated
units may lead to fragmented or oversimplified reasoning.

To address the above issue, we propose to model the dependencies among sub-claims by con-
structing a claim-centered graph over the decomposed sub-claims. In this graph, nodes represent
the original claim and its sub-claims, while edges capture their dependencies. This structured
representation provides a solid foundation for downstream reasoning and explanation generation.
To construct the graph, we design two steps: claim decomposition and edge generation. An example
of the graph construction process is shown in Figure 3.

Claim Decomposition. We leverage an LLM to capture all explicit aspects in the given claim c that
will affect its veracity and output the decomposed sub-claims. The process can be formulated as:

LLM(I°(c)) =V’ ={c1,¢2, ..., cn}, (1)

where I” denotes the prompt used to guide the decomposition and the detail of I? is listed in
Appendix A, n is the number of decomposed sub-claims, and V'’ denotes the set of sub-claims. We
then define the node set of the claim-centered graph G as:

V=V U{c}. (2)

Edge Generation. After the claim decomposition, to capture the potential dependency entailed in
these sub-claims and claim, we further instruct an LLM to generate dependency edges between
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Fig. 4. An illustrative example of the competing explanation generation process for a sub-claim.

nodes:
LLM(I¢(V)) = &' = {e, €3, ... em}, ®)

where I¢ denotes the instruction prompt used for edge generation and the detail of I° is in Appendix
A, and each edge e = (c;, ¢;) is a directed edge from source node c; to target node c;. Note that the
claim c is also included in the input and indexed as c; so that the LLM has access to the complete
set of nodes when inferring potential dependencies. Since each sub-claim describes an aspect of the
claim, we additionally include an edge from every sub-claim to c to reflect this inherent relation in
the final graph. The final edge set is defined as:

E=8U{(c;,c)|i=1,2,...,n}. (4)

After claim decomposition and edge generation, we obtain the claim-centered graph G = (V, &),
which can be used for the sequential reasoning and explanation generation.

3.2 Competing Explanation Generation with RAG

Relying on evidence from a single perspective may lead to inaccurate or biased reasoning, especially
when the available information is noisy or partial. Considering multiple viewpoints provides a more
comprehensive analysis of a claim’s veracity. We assume that the difference between supporting
and refuting explanations, in terms of informativeness and soundness, offers important signals
for downstream inference. For example, if one explanation is significantly more detailed, logically
sound, and better supported by evidence than its opposing party, it can steer the model to make a
more accurate judgment of the claim’s veracity.

To support the generation of such contrasting explanations, we adopt the retrieval-augmented
generation technique. Specifically, for each sub-claim, we retrieve a set of relevant evidences from
externally collected raw reports based on cosine similarity between their embedding representations.
These retrieved evidences are used as the input context to the LLM, prompting it to generate two
competing explanations: one supporting the sub-claim and the other refuting it. This retrieval
process ensures that the LLM can ground its reasoning in diverse real-world perspectives, which is
particularly important when no verified knowledge base is available. An example of the process of
graph construction is shown in Figure 4.

Evidence Retrieval. Since a report may contain evidences related to different sub-claims, we first
split each report into individual sentences, resulting in a corpus of candidate evidential sentences
X = {x; }?:1, where 0 = }4c p |d|. We thereby adopt a vanilla pre-trained transformer encoder [63]
as the embedding model to generate representations for each sub-claim and candidate evidence.
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Specifically, given a sub-claim c; or a candidate evidence x;, their representations are derived from
the Transformer-Encoder as:

h., = Pool(Transformer-Enc(c;)), (5)
hy; = Pool(Transformer-Enc(x;)). (6)

We then use cosine similarity to retrieve relevant evidence sentences for each sub-claim, as it
provides a simple yet effective way to measure the semantic relevance between embeddings. For
each sub-claim, the top-k most relevant candidates are selected as the final evidence set. Formally,
the final evidence set for each sub-claim is:

E; = {xjlcos(hc,, hy;) is in the top-k}. (7)

Compared with retrieving evidence for the entire claim, retrieving evidence separately for each
sub-claim ensures that all aspects of the claim are supported by the most relevant evidence, rather
than being dominated by generic parts. Therefore, more diverse evidence can be covered, further
enhancing explanation generation and downstream inference.

Explanation Generation. To effectively leverage the rich information contained in retrieved
evidences and obtain coherent explanations, we leverage an LLM to conduct abductive reasoning to
explain why a sub-claim ¢; should be assigned the veracity label i based on the retrieved evidence
sets E; and a given prior label §j, which can be formulated as:

¢? = LLM(I" (c;, Es, ), ®)

where the prior label i can be false or true, determines whether the veracity-oriented explanation
¢! corresponds to a false-oriented explanation c; or a true-oriented explanation ¢;. I" is the curated
template to integrate these information and its details are as follows. We prompt the LLM with I
to generate an explanation cl._/ * that reasons about how to infer the veracity label §j based on the
claim ¢; and the evidence set E;.

Prompt used for veracity-oriented explanation generation, I”

Given a claim: ¢;, a veracity label 7, please give me a streamlined rationale associated with
the claim, without explicitly indicating the label, for how it is reasoned as 7. Below are some
sentences that may be helpful for the rationale, but they are mixed with noise: E;.

Note, please do not repeat the claim and the label in your explanation, just directly output
your streamlined rationale in a short and clear manner.

The reasoning is performed for both false and true and thus two reasoning texts are obtained. As
detailed previously, the evidence that is consistent with the actual veracity of the claim brings more
information and is more reasonable than the competing one. Thus, the LLM prefers to generate
solid reasoning in favor of it, while providing weak reasoning with inaccurate information for its
competitor, as demonstrated in Appendix B. In this way, the two LLM-generated veracity-oriented
reasoning ¢; and c;, which can be viewed as two explanations to clarify their corresponding veracity
labels, will always possess a relative strength in confidence, greatly facilitating the detection of
fake news.

3.3 Defense-like Inference over Graph

With the claim-centered graph and two veracity-oriented explanations for each sub-claim derived
from LLM, we develop a defense-based fake news detector. This detector aims to identify the relative
strength of the two explanations from their defense and analyze the dependency relationships
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between sub-claims and claims ultimately providing the veracity. To effectively make use of the
competing explanations, we view a pair of explanations as two property nodes of their corresponding
sub-claim node and add them into the graph. Formally, the final defense-augmented claim-centered

graph is like:

G=(V, &), ©)
V=VU{c, ), (10)
E=8U{(c],c), (¢ e, (11)

Then, we serialize the claim-centered graph G into a sequence H ¢ as below:
Hg = GraphZSeq(é), (12)

where Graph2Seq(-) denotes a template to describe the graph structure with natural language.
Here, we use the most straightforward way to translate, whose effectiveness has been demonstrated
by many previous works [19]. We first point out all the nodes in the graph, and then describe
the directed edges connected to each node in sequence. The claim is indexed as node 0, and the
sub-claims are indexed starting from node 1. For example, given a graph G, of a claim ¢ and its five
decomposed sub-claims as shown in Figure 2, Hg = Graph2Seq(G;) = “Directed Graph describes
a graph among 0, 1, 2, 3, 4, 5. Node 0 is connected to nodes 3, 4, and 5 by incoming edges. Node 3 is
connected to nodes 1 and 2 by incoming edges.” Notably, the two veracity-oriented explanations
c; /* of each sub-claim are not explicitly included as separate nodes in the Graph2Seq(G;). This is
because the explanations are treated as attributes associated with each sub-claim node, providing
supplementary reasoning information rather than altering the structural relationship within the
graph. Consequently, in the serialization process, we mainly focus on describing the claim, the
sub-claims, and their dependency edges. This sequence H is fed into the LLM-Encoder, along with
the contents of the original claim, its sub-claims, and a classification query Q, for final veracity
prediction, which can be formulated as:

heis = LLM-Enc(I*(Hg, V,0)), (13)

where h; is the contextual representation of the query and the claim-centered graph, which jointly
encode both textual and structural information. I* denotes the prompt template used to integrate
all input components and its content is as below. The content of the classification query Q can be
found in I

Prompt used for aggregating all information into the LLM-Encoder, I

Graph used for fake news detection:

# Node Content:

Node 0 (claim): ¢

Node 1 (Sub-claim n): cy;

Competing explanations: True-oriented explanation: ¢} ; False-oriented explanation: ¢ .

Node n (Sub-claim n): c,;

Competing explanations: True-oriented explanation: c;; False-oriented explanation: c;, .

# Graph Structure: Hg

# Query (Q): What is the label of Node 0 (claim)? Please directly output your predicted label
from {false, half, true}/{pants-fire, false, barely-true, half-true, mostly-true, true}.
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Algorithm 1 G-Defense Inference Algorithm

Input: News claim c, External Database D, Fine-tuned LLM-Encoder
Output: Predicted label y*, Explanation graph G*, Summarized explanation T

// Stage 1: Graph Construction

1: Claim decomposition: V' « Equation (1)
2: Edge generation: & « Equation (3)
// Stage 2: Competing Explanation Generation with RAG
for each sub-claim ¢; € V'’ do

Evidence retrieval: E; < Equation (7)

Explanation generation: c;/ "
end for

// Stage 3: Defense-like Inference over Graph

« Equation (8)

AN U R

7: Obtain claim-centered graph: G «— Equation (9)
8: Graph2Seq: Hg « Equation (12)
9: Obtain the embedding for classification: h.;; < Equation (13)
10: Get prediction result: y* « Equation (16)
// Stage 4: Explanation Summarization
11: Obtain explanation graph and summarized explanation: G*, T < Equation (17)
12: returny*, G*, T

Then, we define a classifier on top of the rich representation for veracity prediction,
p = P(zlh.s) = softmax(MLP (hcis)). (14)

The training objective of the detection task is written as:

L= _ZD log pj=y1> (15)

where p|;-,] denotes fetching the probability value corresponding to the veracity label y.
The inference procedure can be simply written as:

y* = argmax p. (16)

3.4 Explanation Summarization

Based on the derived claim-centered graph and the predicted veracity, we further ask the LLM to
give a final summarized explanation. We prompt the LLM to judge the veracity of each sub-claim
based on the predicted veracity of the claim and its competing explanations, and instruct the LLM
to generate a concise explanation for the full claim. The used prompt I* to instruct the LLM is listed
in Appendix A. The process can be formulated as:

G". T =LLM(I°(Hg, V,y")). (17)

In this way, the final explanation consists of two parts. The first part G* is provided in the form of a
graph, where explanations inconsistent with the veracity of their associated sub-claims are removed
from V in Eq.(10). Note that this operation filters out only veracity-inconsistent explanations and
does not affect the relevant contextual information about the sub-claim. Because both supporting
and refuting explanations are generated from the same retrieved evidence, contextual sentences
typically appear in both. These necessary background details therefore remain available regardless
of which evidential explanation is removed. The second part T is a textual explanation for the claim,
as illustrated on the right side of Figure 2. Compared with providing only a plain textual explanation,
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Table 1. Summary statistics of datasets. # half-true* is also denoted as # half in RAWFC.

Dataset RAWFC LIAR-RAW
Claim
# Claims 2,012 12,590
# pants-fire - 1,013
# false 646 2,466
# barely-true - 2,057
# half-true* 671 2,594
# mostly-true - 2,439
# true 695 2,021
Veracity Labels 3 6
Report per claim
# min 1 1
# max 30 30
#avg 21.0 12.3
Sentence per report
# min 1 1
# max 155 59
# avg 7.4 5.5

the explanation graph G* explicitly visualizes the reasoning process by showing how individual
sub-claims contribute to the final veracity prediction, making the explanation more transparent
and easier to understand. Building on this, by presenting the dependencies and veracity labels of
sub-claims in a structured format, the graph enables users to quickly understand which aspects
of the claim are true or false. In general, the graph-based explanation offers a fine-grained and
more intuitive view of the claim’s veracity reasoning, complementing the textual summary T and
enhancing the overall explainability of the proposed framework. During the automatic evaluation
of the quality of explanation, we convert the explanation graph into text using Graph2Seq(-) and
additionally provide the full textual content of all nodes. The overall inference process of our
G-Defense is summarized in Algorithm 1.

4 Experiment

In this section, we first introduce the experimental setup in §4.1 and then evaluate G-Defense on
the task of fake news detection in §4.2. To demonstrate the significance of each proposed module,
we conduct an extensive ablation study as detailed in §4.3. Moreover, we evaluate the quality and
usefulness of fine-grained explanations generated by G-Defense in §4.5. In §4.6, we present a case
study to demonstrate how our proposed framework improves performance and provides intuitive
graph-based explanations. Finally, in §4.7, we discuss the inherent robustness of G-Defense to error
propagation.

4.1 Experimental Setup

Datasets. Benchmarks for explainable fake news detection, such as PUBHEALTH [36], rely on
official debunked reports written by journalists as evidence. However, such datasets are impractical
for real-world, timely fake news detection, as official reports are typically published long after
fake news has spread. Also, it does not align with our proposed model, which aims to detect fake
news using externally retrieved raw reports. Therefore, to evaluate the effectiveness of detecting
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fake news before official reports are available, we select RAWFC and LIAR-RAW [74] to assess our
proposed method. These datasets better reflect the general challenge of fake news detection with
explainability, as they use raw reports retrieved from the Internet. And any reports published after
the claims were verified are filtered out, ensuring a more realistic evaluation setting.

RAWFC contains the claims collected from Snopes® and relevant raw reports by retrieving
claim keywords. LIAR-RAW is extended from the public dataset LIAR-PLUS [1] with retrieved
relevant raw reports, containing claims from Politifact’. Both datasets originate from fact-checking
platforms, i.e., Snopes and PolitiFact, which collect and verify claims that initially circulated on
social media and online news outlets. In RAWFC, claims are categorized into three labels: {false, half,
true}, while those in LIAR-RAW are annotated with six veracity labels: {pants-fire, false, barely-true,
half-true, mostly-true, true}. Both datasets follow an 8:1:1 split for train/valid/test sets. The detailed
statistics for these datasets are listed in Table 1.

RAWFC has a simpler veracity classification scheme with only three labels, whereas LIAR-RAW
adopts a finer-grained six-label classification. This difference makes LIAR-RAW more nuanced
in distinguishing varying degrees of truthfulness, while RAWFC provides a more generalized
and easily interpretable classification. Moreover, RAWFC provides significantly more supporting
raw reports per claim than LIAR-RAW. On average, each claim in RAWFC is associated with 21.0
retrieved reports, whereas LIAR-RAW only has an average of 12.3 reports per claim. And the
average number of sentences per report in RAWFC is higher than that in LIAR-RAW. This suggests
that RAWFC provides a richer set of contextual information for fake news detection, potentially
leading to more robust detection and explanations.

Training Setups. We use the “gpt-3.5-turbo-0125" [51] developed by OpenAl as our LLM backbone
for each frozen LLM component when there is no special declaration. Although our framework can
be easily adapted to more recent LLMs, here we choose to conduct our experiments on a widely
recognized earlier model. This choice allows us to fairly demonstrate the fundamental capability
of our framework rather than relying on the improvements from LLM updates. In the competing
explanation generation module (§3.2), we set k = 5 to retrieve top-5 candidate evidences for each
sub-claim. For the LLM encoder used in the defense-like inference module (§3.3), we initialize
it with Flan-T5-large [16] developed by Google. To fine-tune it, we use a mini-batch Stochastic
Gradient Descent (SGD) to minimize the loss functions, with Adam optimizer, 10% warm-up, and
a linear decay of the learning rate. The learning rate used to fine-tune the LLM encoder is 7>
for RAWEC and 5e~> for LIAR-RAW, the batch size is 8 for RAWFC and 4 for LIAR-RAW, and the
training epoch is 5 for both datasets. For the temperature of LLM in our framework, we set it to 0.8,
allowing the LLM to flexibly apply its internal knowledge for detection and explanation generation.
We set the temperature to 0 during the evaluation of generated explanations. All experiments are
conducted on a single A40 GPU.

4.2 Veracity Prediction Performance

Baselines. To compare the effectiveness of the proposed G-Defense in fake news detection,
we evaluate its performance against the following baseline models, which are divided into three
categories, i.e., traditional non-LLM-based approaches (1-6), LLM-based approaches (7-12), and the
variants of G-Defense (13-16):

(1) dEFEND [57] introduces a GNN-based sentence-comment co-attention network for veracity
prediction with explanations to jointly model sentences from news article and user comments
for veracity prediction.

Chttps://www.snopes.com/
https://www.politifact.com/
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(2) SBERT-FC [36] employs Sentence-BERT [54] to encode contextualized representations for
candidate evidences and news claim. Next, it ranks evidences based on their cosine similarity
with the claim and selects the top-k most important sentences for veracity prediction.

(3) GenFE [4] employs DistilBERT [56] to encode the simple concatenation of a claim and its
debunked journalism for veracity prediction.

(4) GenFE-MT [4] enhances GenFE by further introducing a multi-task setup. It jointly predicts
salient sentences in news articles and the veracity of the claim.

(5) CofCED [74] utilizes DistilBERT to encode news claims and all sentences in raw reports.
Then it introduces a coarse-to-fine cascaded evidence-distillation framework by focusing on
key evidence to detect fake news.

(6) MUSER [39] employs Sentence-BERT to perform multi-step retrieval and build associations
among pieces of evidence required for news verification. Then the semantic connection
between the news claim and the evidence is analyzed with BERT for detection.

(7) LLaMAZ21,im [62] prompts LLaMA2-7b with the news claim to directly generate a veracity
prediction and corresponding explanation.

(8) GPT-3.5.1aim [51] is similar to LLaMA2jaim, but replaces LLaMA2 with GPT-3.5.

(9) GPT-3.5¢,y [51] prompts GPT-3.5 with both the claim and all retrieved relevant reports.
The absence of LLaMA2g is that the 7b model struggles to produce consistent output after
processing such lengthy inputs.

(10) FactLLaMA [14] leverages the LORA tuning [24] to supervised fine-tunes a LLaMA2-7b
with the claim.

(11) FactLLaMAy,, 0w [14], compared with FactLLaMA, retrieves external evidence from search
engines and feeds the LLaMA2-7b with the claim and the filtered relevant evidence.

(12) L-Denfenserpamaz and L-Denfensegpr-3.5 [65] leverage a defense-like inference strategy
on the news claim to perform classification by fine-tuning a RoBERTa model [40], while
employing LLaMAZ2 [62] and GPT-3.5 [51] as explanation generators respectively.

(13) G-Defensepyp, replaces the dependency-based claim-centered graph with a hypergraph
structure, where sub-claims are grouped into topic-centered hyperedges rather than connected
through pairwise logical dependencies. The prompt I" used to instruct the LLM to generate
hyperedges is provided in Appendix A.

(14) G-Defensepackground augments each sub-claim with additional background context. For
every sub-claim, we retrieve 20 related sentences and prompt the LLM to summarize them
into a concise background description. This background information is then supplied to the
model to help it better understand the sub-claim and assess its veracity. The prompt I” used
to instruct the LLM is provided in Appendix A.

(15) G-Defensegecomp+ enhances the claim decomposition stage by replacing the original simple
prompt with a more structured, domain-informed version. The revised prompt incorpo-
rates decomposition strategies, news-analysis cues, dependency cues, and fact-checking
dimensions. The full prompt I°* is provided in Appendix A.

(16) G-Defenseyyamas.1 substitutes the GPT-based backbone with the open-source LLaMA-3.1-8B
model, allowing us to explore the framework’s adaptability to different LLM backbones.

Metrics. Following previous works [14, 65, 74], we use macro-average precision (P), macro-
average recall (R) and macro-average F1 (macF1). They are calculated as: P = % ZIL:1 P, R =

% Zlel R;, macF1 = % Zlel zp'fig{l’, where L is the total number of classes, and P; and R; denote the
precision and recall for class [ respectively.
Table 2 presents the veracity prediction results of our proposed method and competitive base-

lines evaluated on the two benchmarks. We observe that our proposed G-Defense or its variants
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Table 2. Veracity prediction results on RAWFC and LIAR-RAW. {Resulting numbers are reported by Yang et al.
[74], the results of FactLLaMA and L-Defense are taken from the original paper, and the results of MUSER
are reproduced by us. Bold numbers indicate the best performance, and underlined numbers indicate the
second-best performance. Results for G-Defense and its variants are averaged over three random runs.

RAWEC LIAR-RAW

P R macF1 | R macF1
Traditional approach
dEFEND [57]F 44.93 43.26 44.07 23.09 18.56 17.51
SBERT-FC [36]F 51.06 45.92 45.51 24.09 22.07 22.19
GenFE [4]F 44.29 44.74 44.43 28.01 26.16 26.49
GenFE-MT [4]% 45.64 45.27 45.08 18.55 19.90 15.15
MUSER [39] 47.47 47.50 47.48 27.80 26.58 26.52
CofCED [74]% 52.99 50.99 51.07 29.48 29.55 28.93
LLM-based approach
LLaMA2jaim [61] 37.30 38.03 36.77 17.11 17.37 15.14
GPT-3.5q, [51] 39.48 45.07 39.31 29.64 23.57 21.90
GPT-3.5¢1aim [51] 47.72 48.62 44.43 2541 27.33 25.11
FactLLaMA [14] 53.76 54.00 53.76 32.32 31.57 29.98
FactLLaMAjypow [14] 56.11 55.50 55.65 32.46 32.05 30.44
L-Denfenseyavaz [65] 60.95 60.00 60.12 31.63 31.71 31.40
L-Denfensegpr.35 [65] 61.72 61.01 61.20 30.55 32.20 30.53
Ours
G-Defense 64.99:078  64.52+102  64.31x120 | 33.09+101  31.55x084  31.55z051
G—Defensehyper 64.62+179  63.02x131 63.44x143 | 31.21x059  29.531064  29.75+057
G‘Defensebackground 66.29:163 65.491+095 65.50+108 | 31.50+080 31.28+062  30.89+050
G-Defensedecomw 65.63+245  64.33:188  64.341204 | 32.03:024 30.23:047  30.36:078
G-Defenseramas 1 60.97+084  61.23+027  60.76+076 | 34.17+067 32.37+024 32.49+049

demonstrate a significant improvement over L-Defense and achieves state-of-the-art performance
on all metrics.

The introduction of LLMs has significantly enhanced the performance of fake news detection.
Among the first three LLM-based approaches without any tuning, GPT-3.5.,im achieves the best
results. With the exception of Cof CED which uses externally retrieved reports in a coarse-to-fine
evidence distillation framework, most traditional approaches underperform compared to GPT-
3.5¢laim- Notably, GPT-3.5.1,im operates in a zero-shot setting, making veracity predictions based
solely on the claim itself without incorporating any external data. On the one hand, it suggests strong
generalization capabilities and great potential of LLMs in fake news detection due to their extensive
pre-training on a large corpus. On the other hand, its competitive performance may because
GPT-3.5 has encountered similar claims during pretraining. In contrast, LLaMA2,im significantly
underperforms, likely due to its smaller model size and pretraining on a smaller corpus compared
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Fig. 5. Distribution of claims by the number of decomposed sub-claims in the test sets of RAWFC and
LIAR-RAW.

to GPT-3.5. And GPT-3.5¢, which conducts prediction with external retrieved reports performs
worse than GPT-3.5¢,im in most metrics, indicating that providing a large volume of retrieved
reports without any processing may introduce noise or biases, negatively impacting prediction
accuracy. Apart from the three LLM-based methods under a zero-shot setting, all fine-tuned models
combined with LLMs outperform all traditional approaches. FactLLaMA and FactLLaM Ay, simply
fine-tune LLaMA2 with LoRA without any special design, while they show much better results
than LLaMAZ2J,in,. This suggests that fine-tuning can significantly enhance the capability of LLMs
in fake news detection, enabling them to better handle complex reasoning tasks. Furthermore,
it highlights the limitations of traditional methods, which struggle to compete with fine-tuned
LLMs due to their lack of deep language understanding. As for L-Defense, it fine-tunes a small
language model but incorporates the LLM’s powerful reasoning and generation ability into its
specifically designed framework, leading to a better result than fine-tuned LLaMAZ2. This highlights
the importance of designing well-structured models to effectively leverage the powerful capabilities
of LLMs.

G-Defense consistently outperforms prior methods across both benchmarks. Compared with L-
Defense, our proposed G-Defense employs defense-like inference on a claim-centered graph using
LLM, achieving excellent performance in veracity prediction on both benchmarks. In addition,
to further validate the statistical significance of the improvements, we conduct paired t-tests
over five random seeds on macF1 between G-Defense and the strongest baseline, L-Defense. The
improvements are highly significant on both datasets, with p = 3x10™* on RAWFC and p = 9x 107>
on LIAR-RAW. The results suggest the effectiveness of claim decomposition and graph construction
in improving veracity prediction, which will be further discussed in §4.3. By structuring the claim,
sub-claims, and competing explanations into a graph, G-Defense enhances its inference process,
allowing for a more comprehensive and more accurate classification. The improvement is especially
significant on RAWFC. Compared to the previous SOTA method, L-Defensegpr-35, it improves
performance by at least 3.1% across all evaluation metrics. On LIAR-RAW, while G-Defense achieves
slightly lower recall than L-Defensecpr.3 5, it shows improvements of 2.54% in precision and 1.02%
in macF1. These performance differences can be attributed to the inherent differences in data
characteristics between RAWFC and LIAR-RAW. First, as shown in Table 1, RAWFC provides more
reports per claim and more sentences per report compared to LIAR-RAW. This richer evidence
context benefits explanation generation for each sub-claim and improves veracity prediction.
Second, claims in RAWFC are generally more complex than those in LIAR-RAW. We compare the
average token lengths of claims and find that RAWFC claims are longer on average (28.1 tokens)
than those in LIAR-RAW (23.8 tokens). Furthermore, we present the distribution of claims by
the number of decomposed sub-claims in the test sets of both datasets in Figure 5. It shows that
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claims in RAWFC are generally decomposed into more sub-claims than those in LIAR-RAW. These
observations indicate the claims in RAWFC are more complex. The significant improvements on
RAWFEFC highlight the effectiveness of our method in handling more complex claims.

The framework of G-Defense shows great potential in enhancing the performance of fake news
detection. To explore the potential of our proposed G-Defense framework, we further explore
four variants of it. G-Defensepyper performs consistently worse than G-Defense on both datasets,
indicating that grouping sub-claims solely by topical similarity is insufficient for veracity prediction.
Fine-grained logical dependencies provide clearer reasoning paths, enabling more accurate aggre-
gation of evidence. When dependencies do not exist, sub-claims typically correspond to different
facets of the main claim and contribute independently to the final prediction, which the original
design naturally accommodates. G-Defensepackground Shows significant gains on RAWFC, improving
macF1 from 64.31 to 65.50, but leads to a slight decrease on LIAR-RAW. RAWFC offers longer claims
and richer reports, making background consolidation more beneficial for guiding sub-claim detec-
tion, whereas LIAR-RAW’s shorter, self-contained claims leave less room for improvement. This
result suggests that incorporating additional, informative context remains a promising direction for
further enhancement. G-Defensegecomp+ uses the enhanced prompt for claim decomposition and
shows slight gains in precision and macF1 on RAWFC, indicating that the additional guidance helps
generate clearer sub-claims for fact-rich and complex claims. On LIAR-RAW, however, we observe
a slight performance drop. Claims in LIAR-RAW are generally shorter and contain fewer explicit
factual components, leaving limited room for additional decomposition cues to introduce meaning-
ful structure. In such cases, the stronger prompt may lead to unnecessary over-splitting, which
may slightly disturb downstream inference. These observations indicate that the effectiveness of
enhanced decomposition guidance depends on the dataset and the inherent structure of the claims.
Finally, G-Defenseyamas.1 surpasses G-Defense on LIAR-RAW on all metrics, and shows small im-
provements on RAWFC compared with L-Defensey,ma2. This demonstrates that G-Defense is not
tied to a specific LLM backbone and can effectively leverage models with different parameter scales.
Overall, these variants collectively show that G-Defense is a flexible and extensible framework
whose performance can be further improved through enriched context, enhanced decomposition
prompts, or newer LLM backbones, allowing users to select the configuration best suited to their
application needs.

4.3 Ablation Study

To evaluate the contribution of each component, we conduct an extensive ablation study for
G-Defense on veracity prediction by removing or replacing the key component:

(1) “w/o sub-claims”: It does not perform claim decomposition or graph construction. In the
competing explanation generation module (§3.2), it retrieves relevant evidences for the entire
claim and directly generates competing explanations for the entire claim.

(2) “w/o edges”: This variant removes the edge generation process in §3.1 which creates depen-
dency edges between sub-claims. During the defense-like inference (§3.3), it removes the
graph structure description H in Eq.(13).

(3) “w/o evidence”: It removes the evidence retrieval step in §3.2. As a result, the LLM generates
veracity-oriented explanations for sub-claims using only its own knowledge rather than
retrieved external information.

(4) “w/o competing”: This variant removes the prior veracity label for sub-claims during ex-
planation generation with LLM in §3.2. The LLM is then instructed to generate only one
explanation based on its analysis rather than considering competing explanations.
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Table 3. Ablation study of veracity prediction on two datasets.

RAWFC LIAR-RAW
Method P R macF1| P R  macF1
G-Defense 65.89 65.54 65.65 | 3294 32.09 32.09
w/o sub-claims 56.29 56.02 56.10 | 30.94 2813 28.52
w/o edges 64.12 63.49 63.40 | 31.39 30.52 30.60
w/o evidence 56.68 5598 55.76 | 30.12 29.44 29.30
w/o competing 57.24 5596 5594 | 30.42 29.53 29.46
w/o inference training | 54.71 51.48 47.68 | 28.24 25.13 19.45

(5) “w/o inference training”: It replaces the fine-tuning process of defense-like inference in
§3.3 with direct predictions from GPT-3.5, which allow G-Defense to conduct in a zero-shot
setting.

As shown in Table 3, the ablative variants suffer different degrees of performance degradation,
indicating the effectiveness of each component in our proposed G-Defense for fake news detection.
The “w/o sub-claims” variant shows a significant decline because the model loses the fine-grained
factual units and their corresponding evidence needed for careful reasoning. Without decomposition,
the LLM must judge the entire claim at once, which makes it difficult to identify the key factual
conditions that determine truthfulness. Removing edges causes a smaller drop, indicating that while
sub-claims provide most of the useful information, the dependency edges help connect them into
a clear reasoning flow. Without these dependency relations, the model cannot easily understand
how different aspects of the claim relate to each other. In the “w/o evidence” variant, performance
decreases because the model can no longer rely on externally retrieved raw reports. LLMs often
lack recent or complete knowledge especially for breaking news, so removing retrieved evidence
forces the model to depend only on what it already knows, which limits accuracy. This shows
that external evidence is important for grounding the reasoning process. This result underscores
the necessity of incorporating RAG in fake news detection to provide informative evidence and
improve model performance. The “w/o competing” variant performs worse because relying on
a single explanation can be one-sided. The competing-explanation mechanism encourages the
model to consider both supporting and opposing views, which reduces bias and helps prevent
mistaken conclusions. Finally, the “w/o inference training” variant achieves the worst result among
all variants, which proves the importance of fine-tuning in such a classification task, consistent
with previous findings [23, 59]. Without training, the classifier cannot learn how to integrate graph
features, so it falls back to a purely zero-shot prediction strategy. Notably, even under this condition,
this variant still obtains acceptable performance and outperforms many traditional approaches.
This further highlights the superiority of our proposed framework.

4.4 Impact of Claim Complexity

To examine when claim decomposition is most beneficial, we group test samples by the number of
decomposed sub-claims n. This measure reflects the factual complexity of a claim more reliably than
surface length. And we compare G-Defense with its “w/o sub-claims” variant described in Section
4.3. The results are shown in Figure 6. When a claim contains only two sub-claims, G-Defense
performs better on LIAR-RAW but slightly worse on RAWFC. A possible reason is that decomposing
very simple claims is unnecessary and may introduce minor noise. As complexity increases (n > 3),
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Fig. 6. MacF1 scores of G-Defense and its w/o-sub-claims variant grouped by the number of sub-claims on
the RAWFC (left) and LIAR-RAW (right) test sets. The percentages under each group indicate the proportion
of samples within that group.

the pattern changes consistently. G-Defense outperforms the “w/o sub-claims” across both datasets,
and the performance gap grows as the number of sub-claims becomes larger. Claims with more
sub-claims usually involve multiple aspects, conditions, or factual components. Predicting them
as a single long sentence can be unstable, because different pieces of information may interfere
with each other. Claim decomposition provides fine-grained reasoning units and allows the graph
structure to integrate evidence more reliably. More than half of all test samples fall into the n > 3
range. This indicates that the cases where decomposition brings meaningful benefits cover a large
portion of real-world claims. Although it may cause slight performance drops for the simplest
cases, we apply the same decomposition procedure to all claims regardless of their complexity.
Claim complexity is difficult to judge automatically, and even short claims may imply multiple facts.
Using a unified detection pipeline also ensures consistent graph-structured explanations. Overall,
this analysis shows that claim decomposition is particularly effective for claims involving more
aspects or factual elements.

4.5 Explanation Evaluations

Baselines. Based on the veracity prediction results in Table 2, we introduce the following baseline
models for explanation evaluations:

(1) Oracle, which offers detailed justifications for the claim’s classification according to its true
veracity label. It achieves this by supplying GPT-3.5 with both the claim and its actual veracity
label.

(2) CofCED [74], recognized as the best model among traditional approaches.

(3) GPT-3.5.1aim, Which exhibits the best veracity prediction performance among LLM-based
approaches without any training, providing explanations according to its veracity predictions.

(4) GPT-3.5¢,1, which is provided with retrieved raw reports for comparison with GPT-3.51aim,
providing explanations according to its veracity predictions.

(5) L-Defenseramaz and L-Defensegpr-3.5 [65], which is the previous SOTA model. Since its
generated explanations are limited to three categories: true, half-true, and false, we map the
six labels in the LIAR-RAW dataset to these three categories before getting explanations.
Specifically, pants-fire, false, and barely-true are grouped under the false category. The half-true
category remains unchanged, while mostly-true and true are merged into the true category.

Metrics. Traditional automated evaluation metrics like ROUGE are often insufficient for assessing
the quality of output generated by LLMs [8], as they primarily measure surface-level n-gram
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Table 4. Evaluation results of explanation quality using a 5-Point Likert scale rating by ChatGPT on RAWFC
and LIAR-RAW. For metrics D and M, a lower score (]) indicates better performance, while a higher score (T)
indicates better performance for the remaining metrics. The bold numbers denote the best results in addition
to Oracle while the underlined ones are better than Oracle.

RAWFC LIAR-RAW

Dl [ M| 1T S Rl |Dl|M II S RI
Oracle - 1.52 446 4.73 4.72 - 1.85 444 4.60 4.69
CofCED [74] 153 | 274 289 193 246 | 1.33 | 3.64 175 1.76 1.59
GPT-3.5012im 1.70 | 1.97 400 4.44 468 | 1.39 | 2.27 393 429 450
GPT-3.5a11 1.81 | 2.07 444 4.62 469 | 1.39 | 229 371 404 399
L-Defenseramaz [65] | 1.30 | 1.95 4.44 4.67 4.62 | 1.36 | 2.20 4.39 4.64 4.63
L-Defensegpr.35 [65] 1.30 | 1.91 417 441 449 | 1.31 | 2.06 4.12 4.28 447
G-Defense 1.00 | 1.87 4.60 4.72 4.70 | 1.26 | 2.02 4.42 438 4.65

overlaps and fail to capture semantic accuracy and reasoning quality. Recently, Chen et al. [12]
has demonstrated that GPT performs well in evaluating text quality from multiple perspectives,
even without reference texts. Additionally, studies have shown that LLM-based evaluation closely
aligns with expert human assessments [15, 26]. Therefore, we utilize GPT-3.5 to evaluate the quality
of explanations based on four widely adopted human evaluation metrics [66, 74]: misleadingness,
informativeness, soundness, and readability. Each metric is rated on a 5-point Likert scale, where 1
represents the lowest score and 5 the highest, except for misleadingness. The definitions of these
metrics are as follows:

— Misleadingness (M) measures whether the explanation aligns with the true veracity label
of a claim. It is rated from 1 (not misleading) to 5 (highly misleading);

— Informativeness (I) measures the extent to which the explanation provides new insights,
such as background details and additional context. The scale ranges from 1 (not informative)
to 5 (highly informative);

— Soundness (S) describes whether the explanation seems valid and logical, with a rating scale
ranging from 1 (not sound) to 5 (very sound);

— Readability (R) assesses whether the explanation follows proper grammar and structural
rules, and whether the sentences in the explanation fit together and are easy to follow, with
a rating scale ranging from 1 (poor) to 5 (excellent).

To further validate the reliability of LLM-based evaluation, we introduce an automated metric
called Discrepancy (D). Unlike misleadingness, which relies on LLM assessments of explanations,
discrepancy is directly computed based on the consistency between the predicted and gold veracity
labels without involving LLM evaluation. Specifically, it is defined as the absolute difference between
the predicted and true labels. For RAWFC, we map the three veracity labels {false, half, true} to
numerical scores {0, 2.5, 5}, and for LIAR-RAW, the six fine-grained labels are mapped to {0, 1, 2, 3,
4, 5} based on their annotated truthfulness degrees. This automatic metric provides an objective
measure that complements the LLM-based misleadingness evaluation. The consistency between
discrepancy and misleadingness can reflect the reliability of the LLM-based evaluation.

We list the results of the LLM-based explanation evaluation in Table 4. The Oracle, which is
prompted with the ground-truth labels, outperforms all other methods across nearly all metrics
and can be regarded as an upper bound for explanation quality. In comparison, G-Defense achieves
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Fig. 7. Explanation evaluation results using a 5-Point Likert scale rating by five human annotators on 30
randomly sampled claims from the test set of RAWFC. Scores from five annotators were averaged.

either superior or comparable performance, and consistently outperforms all other baselines across
most metrics, indicating its strong capability to generate reasonable and reliable explanations. In
particular, it obtains the lowest discrepancy (D) and lowest misleadingness (M) scores on both
datasets, suggesting that the explanations produced by G-Defense are highly consistent with the
ground-truth veracity labels. This is especially important, as a key goal of explainable fake news
detection is to assist the public in identifying the truth, rather than misleading users through
incorrect or biased reasoning. Moreover, the strong correlation between the objective discrepancy
scores and the LLM-assessed misleadingness scores further validates the reliability of our evaluation
methodology.

As for other baselines, as the best traditional approach, CofCED achieves the worst results on all
LLM-evaluated metrics. Since its explanations are discrete sentences extracted from reports, which
often contain redundant information and lack coherence, making them less human-friendly. This
incoherent explanation leads to a high misleadingness score, though the objective discrepancy score
is much better. And the other three worst metrics also underscore the importance of coherence
in generating a streamlined and understandable explanation. In terms of two baselines based on
GPT-3.5, GPT-3.5¢, generally outperforms GPT-3.5.1,im on RAWFC while underperforming it on
LIAR-RAW. This discrepancy may result from the larger number of candidate evidences in RAWFC,
which provides more information to support explanation generation.

Compared with both versions of L-Defense, our proposed G-Defense demonstrates consistent
improvements on almost all metrics. By leveraging more fine-grained sub-claims, along with their
corresponding veracity assessments and explanations, G-Defense is able to deliver richer and more
informative explanations of the claim’s veracity. This is reflected in the higher information scores (I)
compared to L-Defense. And notably, it even outperforms the Oracle baseline on RAWFC. Moreover,
this fine-grained explanation strategy contributes to improvements not only in informativeness
but also in soundness (S) and readability (R). The decomposition into sub-claims allows the model
to analyze specific aspects of the overall claim, resulting in explanations that are logically more
robust and easier for readers to follow. Overall, the results suggest that breaking down complex
claims into smaller, verifiable units is not only beneficial for model prediction, but also crucial for
generating clear, trustworthy, and human-friendly explanations, which is a key requirement for
real-world fake news detection systems.

Human Evaluation. While LLM-based evaluation provides a scalable and cost-efficient way
to assess the quality of generated explanations, it cannot fully reflect how humans judge these
explanations. To complement the automatic assessment, we further conduct a human evaluation.
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Fig. 8. Confusion matrices of judgment results from five annotators on 30 randomly sampled claims. The
three results are collected under three different settings: annotators are provided with only the claim, with the
claim and explanations generated by L-Defense, or with the claim and explanations generated by G-Defense.
The results from five annotators were averaged and rounded for visualization.

Specifically, we randomly sample 30 claims from the test set of RAWFC and engage five English-
speaking adults as annotators to assess the quality and helpfulness of the explanations. For the
explanations generated by G-Defense, we provide annotators with both the explanation graph and
the corresponding textual description. Additional reliability analyses of the human evaluation are
provided in Appendix C.

We present the results of human evaluation in Figure 7. Compared with the LLM-based evaluation
results on RAWFC shown in Table 4, the human ratings exhibit a generally consistent trend across
all methods, further validating the reliability of our LLM-based evaluation. Cof CED ranks the lowest
on soundness and readability, likely due to the discrete and fragmented nature of its explanations,
which hampers human understanding. Without any external relevant reports provided, GPT-3.5¢]aim
performs the worst in terms of informativeness. And its performance is consistently inferior to
GPT-3.5q,1, highlighting the importance of RAG in fake news detection. In contrast, both L-Defense
and G-Defense generally achieve higher ratings, suggesting that the defense-like inference strategy
contributes to generating higher-quality explanations. Notably, G-Defense outperforms all other
methods across all metrics except the Oracle, further demonstrating the effectiveness of fine-grained
explanations enabled by claim-centered graph construction.

In addition to assessing the quality of explanations, we ask the annotators to judge the veracity
of claims with and without explanation, and present the results in the form of confusion matrices
in Figure 8. This human-centered evaluation directly examines the usefulness and impact of the
generated explanations on real users’ decision-making. We observe that providing explanations
remarkably reduces judgment errors and helps annotators better identify the truth, confirming
the practical utility and trustworthiness of explanations in alleviating the propagation of fake
news. When comparing the two settings where explanations are provided, G-Defense is slightly
better than L-Defense. These results demonstrate that the intuitive and fine-grained explanations
produced by G-Defense enable annotators to better distinguish subtle differences between veracity
levels and have a measurable positive effect on human judgments.

4.6 Case Study

To qualitatively demonstrate the effectiveness of our proposed G-Defense framework, we present
three samples selected from the test set of RAWFC in Table 5. Each case consists of a claim, its
corresponding explanation graph, and the generated textual explanation.

Does the claim decomposition and graph construction help veracity prediction and provide a fine-
grained explanation? As shown in Table 5, all three claims are decomposed into at least two sub-
claims, with each sub-claim capturing a distinct aspect of the original claim. This decomposition
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Table 5. Case study. The claims are selected from the test set of RAWFC. We provide both competing
explanations for analysis. In practice, only the explanation corresponding to the predicted label would be
presented to users, and the other one (shown in gray) is included here for analysis. The gold label of the claim
and the predicted labels of both the claim and its sub-claims are highlighted in color.

claim 1 (True): A newly discovered species of amphibian was named “Dermophis donaldtrumpi” as an unflattering reference to the
U.S. President.

¢q (True): A newly discovered species of amphibian was named “Dermophis donaldtrumpi”.

¢} : The newly discovered species of amphibian was named “Dermophis donaldtrumpi” in recognition of the US
presidents climate change denial.

1 : The claim is false because there is no newly discovered species of amphibian named “Dermophis donaldtrumpi”
¢y (True): The name “Dermophis donaldtrumpi” was chosen as an unflattering reference to the U.S. President.
¢y : The name “Dermophis donaldtrumpi” was chosen as an unflattering reference to the U.S. President because
EnviroBuild, who paid for the naming rights, stated that they chose the name in recognition of the president§
position on climate change.

¢, : The name “Dermophis donaldtrumpi” was chosen as a reference to the U.S. Presidents climate change policy.

[P —

N

y: The claim is reasoned as ‘true’ based on the supporting evidence provided by the true-oriented explanations for both
sub-claims, which establish a direct connection between the naming of the species and the U.S. President’s stance on climate change.

claim 2 (Half): The U.S. Congress passed the 22nd Amendment in order to “make sure President Franklin D. Roosevelt did not get
re-elected”.

c¢1 (True): The U.S. Congress passed the 22nd Amendment.

cf: The US. Congress passed the 22nd Amendment in 1947, which was later ratified by the states in 1951.

¢ : The 22nd Amendment was approved by Congress in 1947, with an exception that would exclude a president
in office from term limit during the ratification process.

¢ (False): The purpose of the 22nd Amendment was to prevent President Franklin D. Roosevelt from being
re-elected.

¢ : The 22nd Amendment was not intended to prevent President Franklin D. Roosevelt from being re-elected,
but rather to establish a term limit for all future presidents.

c; : The 22nd Amendment was not intended to prevent President Franklin D. Roosevelt from being re-elected,
but rather to establish a term limit for all future presidents. FDR died in 1945. The amendment was passed in

1947 and ratified in 1951 — after his death.
Summary: The claim is reasoned as ‘half” because while it is true that the U.S. Congress passed the 22nd Amendment, the assertion

that it was solely to prevent President Franklin D. Roosevelt from being re-elected is false. The actual purpose was to set a term limit
for all future presidents.

claim 3 (False): By ignoring a ban on performing COVID-19 autopsies, researchers in Italy discovered that the disease is caused by a
bacteria — not a virus — and can simply be treated with aspirin.

a

c1 (False): There was a ban in Italy on performing autopsies on COVID-19 victims.
¢} : Early in the pandemic, some countries, including Italy, issued temporary restrictions or guidelines discouraging
autopsies due to safety concerns.
i+ It is false because there was no absolute ban. Autopsies were conducted under strict biosafety protocols. The
claim exaggerates the extent of any restriction.
¢y (False): Researchers ignored the ban and performed unauthorized autopsies.
¢, : The claim is reasoned as true because there is evidence of researchers evaluating hospitalized COVID-19
p;itionts to determine the risk of death from COVID-19.
c; : It is false because no evidence supports the claim that any autopsies were illegal or conducted in defiance of
restrictions.
c3 (False): The autopsies revealed that COVID-19 is caused by bacteria, not a virus.
¢+ It is true because researchers misunderstood co-infections or inflammation due to secondary bacterial
infections, not the cause of COVID-19.
M e / c3 : The claim is false because multiple studies mentioned in the sentences indicate that COVID-19 is caused by a
virus, not a bacteria.
¢4 (False): COVID-19 can be easily treated with aspirin.
¢, : Aspirin use may have a beneficial effect in COVID-19 patients, potentially reducing mortality.
c; : The claim is false because there is no confirmed evidence that aspirin can treat COVID-19.
Summary: This claim reasoned as ‘false’. While there were limited restrictions on autopsies in Italy early in the pandemic, there is no
evidence that researchers violated bans or discovered that COVID-19 is caused by bacteria.

—
o

&
et

enables more targeted reasoning and provides more comprehensive evidence. For example, in
claim 1, the true-oriented explanation c; for sub-claim c, introduces additional knowledge that
EnviroBuild paid for the naming rights as a reference to the U.S. President’s stance on climate
change. This reveals the potential motivation behind the naming, providing more details to support
the claim as true. In claim 2, the two sub-claims are evaluated using different historical facts:
the exact year the 22nd Amendment was passed and ratified, and the death date of Franklin D.
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Roosevelt. This decomposition enables the model to identify that, although the amendment itself
is factual, the implication of the claim is misleading. As a result, the model assigns a ‘half” label.
In addition to improving veracity prediction, the explanation graphs provide an intuitive visual
format that reflects the internal reasoning process. They clearly display the veracity of sub-claims,
their supporting or refuting explanations, and how they influence the final decision based on the
dependency relationships. This transparent reasoning path enhances explainability, and reduces
the reading cost for users if they only want to know which part is false without caring about the
specific details. These samples demonstrate that claim decomposition and graph construction are
crucial for both accurate veracity prediction and intuitive explanation generation.

How does the defense-like inference strategy improve the performance of fake news detection? Our
method generates a pair of competing explanations for each sub-claim. By implicitly comparing the
informativeness and confidence of two explanations, the model can make more accurate inferences
than relying on one-sided explanations. On the one hand, explanations that do not align with
the true label often lack strong reasoning or supporting evidence. For instance, in claim 1, the
false-oriented explanation ¢ for sub-claim c; is very shallow and does not contain any meaningful
information, especially when compared to its true-oriented explanation c}. Similarly, in claim
3, CI offers an unconfident explanation, whereas c, is much more direct and informative. These
contrasts help the model identify which explanation is more credible, so that improving veracity
prediction. On the other hand, even incorrect explanations can sometimes indirectly reveal the
truth by exposing logical inconsistencies. For example, in claim 1, ¢, who aims to refute c; actually
supports it. Likewise, ¢, in claim 2 proves the c; as false. And ¢, and cJ in claim 3 fail to directly
explain why the sub-claims are true, but offer reasoning that indirectly demonstrates the sub-claims
are false. This may be because, without solid supporting evidence, LLMs struggle to fabricate
convincing yet incorrect explanations. In summary, the defense-like inference strategy reduces
dependence on potentially inaccurate or biased single-perspective explanations. Instead, it shifts
the focus to comparative reasoning, encouraging the model to evaluate the quality of competing
explanations, thereby improving the performance of fake news detection.

4.7 Discussion

Although G-Defense involves multiple stages, it is inherently robust to error propagation. In the
graph construction module, we carefully design the prompt to encourage the generation of all
relevant sub-claims. To ensure minimal fine-grained reasoning capability, we require that each
claim be decomposed into at least two sub-claims. And we introduce an additional safeguard to
enhance graph connectivity by explicitly adding edges between each sub-claim and the original
claim. This ensures that even if the LLM fails to capture all dependencies among sub-claims and
claims, the resulting graph remains connected, preventing the presence of isolated nodes that
could compromise downstream reasoning. In the competing explanation generation module, as
discussed in §4.6, the LLM may sometimes struggle to generate a convincing explanation supporting
an incorrect veracity label due to the lack of sufficient evidence. This limitation actually helps
veracity prediction, as poor-quality explanations for incorrect labels naturally guide the inference
module toward more accurate reasoning. Moreover, the subsequent defense-like inference (§3.3) is
performed jointly over the entire claim-centered graph rather than on isolated sub-claims. This
reasoning mechanism naturally reduces the impact of occasional errors in graph construction, as
the model integrates information across multiple sub-claims to make robust veracity assessments.
Finally, in the explanation summarization module, the LLM is prompted to assess the veracity of
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Table 6. Token usage (in millions) and estimated cost of G-Defense on LIAR-RAW and RAWFC across all
LLM-driven stages.

LIAR-RAW

train eval test sum avg per claim

in out | in out | in out| in out in out
claim decomposition 098 054 | 0.12 0.07 | 0.12 0.07 | 1.22 0.68 |0.000097 0.000054
edge generation 211 093 | 027 012|026 0.12| 2.64 1.16 | 0.00021 0.000092
explanation generation 3533 274 | 446 034|442 034 | 44.22 3.42 [0.003512 0.000272
final explanation generation| - - - - 1.11 038 | 1.11 0.38 |0.000889 0.000301
price $19.21 $6.32 [$2.43 $0.80($2.80 $1.37|$24.60 $8.46| $0.0024 $0.0011

RAWFC

claim decomposition 0.16 0.09 | 0.02 0.01|0.02 0.01| 0.2 0.12| 0.0001 0.000058
edge generation 034 0.15 | 0.04 0.02 | 0.04 0.02| 043 0.19 [{0.000217 0.000095
explanation generation 6.24 045 | 0.78 0.06 | 0.78 0.05| 7.8 0.56 |0.003924 0.000281
final explanation generation| - - - - 1018 0.06 | 0.18 0.06 | 0.0009 0.000301
price $3.37 $1.035|$0.42 $0.14|$0.51 $0.21| $4.31 $1.40| $0.0026 $0.0011

each sub-claim. Even if the final claim prediction is incorrect, the veracity assessments of individual
sub-claims still provide valuable insights, offering a fine-grained explanation that helps users better
understand the underlying truthfulness of different aspects of the claim.

4.8 Cost and Latency Analysis

We estimate the API cost of G-Defense by counting the tokens consumed at each LLM-based stage.
The framework relies on an LLM for four steps: claim decomposition, edge generation, competing
explanation generation, and final explanation generation. In experiments, we use “gpt-3.5-turbo-
0125” as the default LLM backbone, priced at $0.50 per 1M input tokens and $1.50 per 1M output
tokens®. Table 6 reports the aggregated token usage and corresponding cost on both datasets. The
total cost of running G-Defense on LIAR-RAW is approximately $33, and the cost on RAWFC is
about $6. On average, after G-Defense is fully trained, the detection cost for a claim is approximately
$0.004. These results show that G-Defense achieves strong performance with a relatively low cost,
making it feasible for practical use even at large scales. In addition, the results of G-Defenseyjanmas.1
in Table 2 demonstrate that G-Defense can also be effectively supported by an open-source LLM
backbone, rather than relying solely on closed-source models.

In addition to API cost, the inference latency of G-Defense is mainly determined by the multi-stage
API interaction, evidence retrieval, and final prediction. The overall latency can be approximately
expressed as Tiotal ® Taec + Trel + 1(Tret + Tcomp) + Tpred + Tfinal, Where n is the number of decomposed
sub-claims, and Tyec, Trels Tret> Tcomps Tpred> and Tgna denote the latency of claim decomposition,
relation generation, evidence retrieval, competing explanation generation, final prediction, and final
explanation generation, respectively. Based on statistics over the RAWFC and LIAR-RAW datasets,
the four API-based stages of G-Defense require around 4,000 input tokens and 430 output tokens
in total for each claim on average. In addition, each sub-claim also requires evidence retrieval by
matching candidate evidence based on cosine similarity, and the final veracity label is predicted by
Flan-T5-large using all collected information. The end-to-end inference latency mainly grows with
the number of decomposed sub-claims, since both evidence retrieval and competing explanation
generation are performed at the sub-claim level. Nevertheless, the overall inference time remains
acceptable for practical explainable veracity assessment. In this sense, G-Defense is better suited

8https://platform.openai.com/docs/pricing
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to application scenarios that emphasize prediction accuracy and explanation quality, rather than
highly latency-sensitive real-time response. For larger-scale deployment, the latency may be further
reduced by parallelizing sub-claim-level processing, caching retrieved evidence, limiting the number
of decomposed sub-claims or candidate evidence, and replacing API-based steps with local models.

5 Conclusion and Future Work

In this paper, we propose G-Defense, a novel graph-enhanced defense framework for explainable
fake news detection with LLM. The framework first decomposes a news claim into several relevant
sub-claims and then constructs a claim-centered graph to capture their dependency relationships.
Then, it conducts evidence retrieval for each sub-claim and generates competing explanations for
two competing veracity labels. After that, to infer the final veracity, G-Defense performs a defense-
like inference over the claim-centered graph supplemented with competing explanations, comparing
the quality of the competing explanations and analyzing the rich dependency relationships. Finally,
an LLM is prompted with the graph and prediction result to generate a fine-grained explanation
graph and a summarized textual explanation. Experimental results on two real-world datasets
demonstrate that our proposed G-Defense achieves state-of-the-art performance in both veracity
prediction and explanation quality. Extensive ablation study further verifies the effectiveness of each
component in G-Defense. Human evaluation and case study further validate that the explanations
generated by our framework are helpful and intuitive for identifying fake news.

In the future, we plan to broaden the applicability of G-Defense by evaluating it on other types of
textual claims and potential evidence beyond datasets collected from social media platforms, such
as scientific, financial, and health-related misinformation. This will help us further examine the
framework’s robustness and generalizability across different domains and evidence sources. We also
plan to extend G-Defense to support multi-modal fake news detection, incorporating images and
videos that are increasingly common in real-world misinformation. Another promising direction is
to explore post-trained graph-aware LLMs. Recent graph foundation models [33, 60, 69] pretrained
on large-scale graph datasets can further improve the structural reasoning of LLMs beyond the
format of graph-to-text translation. These models are designed for classical graph tasks and do not
directly apply to our setting, where nodes are natural-language sub-claims and edges represent
logical dependencies. Nevertheless, adapting graph-aware pretraining to claim-centered graphs
may further strengthen G-Defense.
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Prompt Designing

The prompts in our framework follow a simple and task-oriented design principle. Specifically, they
are mainly used to specify the task objective, the relevant information to consider, and the desired
output format. We intentionally avoid heavy prompt engineering or elaborate prompt tuning to
keep the framework simple and broadly applicable. The details of prompts introduced in §3 and §4
are listed below.

Prompt used for claim decomposition, I° (in §3.1)

You are a fake news detection assistant. Your primary function is that, given a complex
news claim, based on its content, please break it down into several sub-claims relevant to
the veracity of the claim. Note that directly generate sub-claims in short and clear manner,
avoiding redundancy.

# News claim: ¢

Prompt used for edge generation, I° (in §3.1)

You are a graph construction assistant. Your primary function is that, given a complex news
claim (index 0), and several sub-claims (index starting from 1) decomposed from the news
claim, please use logical relationships to construct a reasoning graph that reflects how the
sub-claims contribute to the truth of the overall claim.

Note: Your output should be in a dictionary format with the keys: ("analysis", "edges"). You
should generate directed edges using the indexes of the claims, formatted as a list like [(1, 0),
(2,3).(3,0)].

# News claim: 0. ¢

# Sub-claims: 1. ¢q; ...; n. ¢y
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Prompt used for final explanation summarization, I°, (in §3.4)

Given a claim, its corresponding claim-centered graph, and a veracity label y*, please give me
the veracity prediction about each sub-claim, and a streamlined rationale associate with the
claim for how it is reasoned as y*.

# Claim-centered graph: I*(Hg, V)

Your response should be a Python dictionary with the following structure:

{

"sub-claims-veracity":

{
"sub-claim 1": {
"reasoning": "Your analysis about the veracity of sub-claim 1",
"prediction": "True/False"
L
"sub-claim n": {
"reasoning": "Your analysis about the veracity of sub-claim n.,
"prediction": "True/False"
}
13

n,onn

"final-explanation":

Prompt used for background generation in G-Defensepackground, 1 b (in §4.2)

You have been specially designed to perform objective contextual analysis for the fake news
detection task. Your primary function is that, according to a news claim and some sentences
related to it, please provide a streamlined contextual analysis that helps understand the
background, circumstances, or perspectives related to the claim. Your goal is to summarize
the key contextual information — such as background facts, timelines, participants, related
events, or uncertainties —that could help people interpret or understand the claim, without
expressing any stance on its truthfulness. Note: Do not repeat the claim itself, and do not imply
or indicate any truth judgment. Just directly output the short and clear contextual rationale.
Given a claim ¢; and a set of retrieved relevant reports sy, sy, ..., please provide a short and clear
objective contextual analysis that presents factual background or explanatory information
helping to understand the claim, without expressing any stance on its veracity.
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Prompt used for hyperedge generation in G-Defensepyper, I h (in §4.2)

You are a hypergraph construction assistant. Your primary function is that, given a complex
news claim (index 0), and several sub-claims (index starting from 1) decomposed from the
news claim, please use topic relationship to construct a reasoning graph that reflects how the
sub-claims contribute to the truth of the overall claim. A hyperedge represents a higher-level
topic or reasoning unit that connects multiple related claims (e.g., several sub-claims that
jointly address one aspect of the main claim). Unlike simple pairwise edges, each hyperedge
can include more than two nodes to capture shared themes or collective reasoning.

Note: Your output should be in a dictionary format with the keys: ("analysis", "hyperedges").
You should generate hyperedges using the indexes of the claims, formatted as a list of lists
like [[1, 2, 0], [3, 4, 5, 0], [5, 6, 0]].

# News claim: 0. ¢

# Sub-claims: 1. ¢q; ...; n. ¢y
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Prompt used for enhanced claim decomposition in G-Defensegecomps+, I % (in §4.2)

You are a fake news detection assistant. Your primary function is to analyze a complex news
claim and decompose it into several clear, atomic sub-claims that collectively capture the full
meaning and verifiability of the claim. 1. Decomposition Strategies

When analyzing the claim, adopt systematic reasoning strategies to ensure a complete and
logically structured breakdown:

- Logical decomposition: Separate the claim into distinct factual assertions that can be verified
independently.

- Causal reasoning: Identify cause-effect or condition-result relations.

- Hierarchical reasoning: Distinguish between general and specific statements or between
main ideas and supporting facts.

- Factual reasoning: Focus on objectively testable propositions rather than opinions or implica-
tions.

2. News and Communication Cues

Incorporate journalistic awareness to better capture how information is presented in news
texts:

- Recognize news structures such as headlines, reported statements, and factual details.

- Distinguish reported speech or attribution (e.g., “X said that..”) from factual assertions about
reality.

- Identify quantitative or comparative claims (e.g., numbers, rates, trends) and evaluative
expressions (e.g., moral or emotional framing).

- If the claim includes a source or attribution, include it as part of the sub-claim (e.g., “Officials
claimed that..” or “According to reports,..”).

- When the claim involves ambiguous or questionable sources, make that explicit (e.g., “It is
claimed, without evidence, that..”).

3. Dependency Cues

If there are logical dependencies among sub-claims, make them explicit:

- Use connectors such as “if,” “because,” “therefore,” or “as a result”

- Reflect the logical flow between causes, conditions, and consequences.

4. Factual Dimensions

Ensure coverage of the key fact-checking dimensions as appropriate — such as who, what,
when, where, why/how, and consequences.

5. Output Requirements

Each sub-claim should be concise (1-2 sentences), self-contained, and verifiable.

Avoid redundancy and overlapping information.

Base all sub-claims strictly on the information stated or clearly implied in the original claim;
do not introduce new facts or assumptions.

Output only the numbered sub-claims list, without any additional explanations or commentary.
# News claim: ¢

B Validation of Assumption

This section aims to validate our assumption that the side aligned with the gold veracity label
usually provides evidence with higher informativeness and soundness, which in turn enables the
LLM to generate a stronger explanation than the competing side. To this end, we compare the quality
of competing explanations under different explanation-generation settings, including different
backbone LLMs and prompt formulations. As shown in Table 7, the explanations conditioned on the
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Table 7. Explanations evaluation results of competing explanations using a 5-Point Likert scale rating by
GPT-4 on RAWFC'’s test set. LLM denotes the backbone model used to generate competing explanations, and
Prompt denotes the corresponding explanation-generation prompt. False/Half/True indicate the gold veracity
label of the claim, while F/ T under each group indicate whether the generated explanation is conditioned on
the false or true prior label.

False Half True
F T F T F T

Informativeness 3.97 3.06 3.87 3.62 3.75 3.96
Soundness 486 2.83 3.61 345 430 4.60

Informativeness 4.03 3.36 3.75 3.73 3.57 4.15
Soundness 445 295 4.01 390 3.57 4.33

Informativeness 4.23 350 4.04 3.88 4.04 4.36
Soundness 478 3.12 399 382 434 484

LLM Prompt Metric

GPT-3.5 I

LLaMA3.1 I

GPT-3.5 I

gold-consistent label generally achieve higher scores in informativeness and soundness than those
conditioned on the competing label. Specifically, for false claims, the false-oriented explanations
are usually rated more favorably than the true-oriented ones; for true claims, the true-oriented
explanations consistently perform better; and for half-true claims, the two sides are relatively closer.
These results provide quantitative evidence supporting our assumption. Moreover, although the
magnitude of the gap varies across settings, the same overall tendency can still be observed across
different backbone LLMs and when replacing the original reasoning prompt I” with its simplified
version I", which provides further evidence for our assumption.

Simplified prompt used for veracity-oriented explanation generation, I”

Given a claim: ¢;, a veracity label 7, please give me a streamlined rationale associated with
the claim for how it is reasoned as 7. Below are some sentences that may be helpful for the
rationale, but they are mixed with noise: E;.

C Human Evaluation Reliability Analysis

To further assess the reliability of the human evaluation, we conduct additional statistical analyses
based on the annotations from five annotators over 30 claims. Specifically, we report both Krippen-
dorft’s o and Kendall’s W for the four evaluation dimensions introduced in §4.5: misleadingness,
informativeness, soundness, and readability. For Krippendorff’s «, the raw values are 0.36, 0.10,
0.13, and 0.12, respectively. Since explanation evaluation is inherently subjective, annotators may
use different but internally consistent scoring scales, which can reduce agreement on absolute
ratings. This is consistent with prior findings that annotator disagreement is common in subjective
nature language generation evaluation and does not necessarily invalidate the evaluation itself [3].
To further examine this effect, we also compute normalized « values, which are 0.37, 0.24, 0.30, and
0.23, respectively. The increase after normalization suggests that part of the disagreement comes
from differences in rating scale usage rather than complete disagreement in judgment. Because
Krippendorft’s @ mainly reflects agreement on absolute scores, it may underestimate consistency
in the relative ranking of methods [55, 58]. We therefore additionally compute Kendall’s W, which
measures agreement on method rankings across annotators. The resulting Kendall’s W values
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are 0.79 for misleadingness, 0.66 for informativeness, 0.69 for soundness, and 0.64 for readability,
indicating moderate to strong ranking agreement. Under the chi-square approximation, all four
values are statistically significant (p < 0.05). Overall, these two metrics provide complementary
views of reliability. Krippendorff’s & measures agreement on absolute ratings, while Kendall’s
W measures agreement on relative rankings. Taken together, the results suggest that although
absolute-score agreement is limited by the subjective nature of explanation evaluation, the relative
ordering of methods is reasonably stable across annotators, supporting the reliability of our human
evaluation.
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