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Abstract

Large Language Models (LLMs) perform excellently in fake
news detection tasks, but their outputs are often accompanied
by hallucinations, i.e., generated content that is contradictory
to facts. Previous studies have mostly mitigated hallucina-
tions through prompt design. However, this paper reveals that
regions in news articles which easily induce hallucinations in
LLMs correspond closely to the most challenging regions for
fake news detectors. In this paper, we propose a fake news de-
tection framework (PHPFND) based on post-hoc processing
of LLM:s hallucination. Specifically, our framework includes
a hallucination detection module (ISHD) based on informa-
tion structuring that detects three types of hallucinations in
LLMs in a targeted manner, and a hallucination-driven fea-
ture enhancement mechanism (HDFE) that incorporates hal-
lucination signals as explicit features into sentence-level en-
coding and feature fusion to guide the model’s attention to-
ward high-risk regions. Experimental results on two main-
stream fake news datasets show that our proposed method
significantly outperforms LLM-based baselines.

Introduction

Fake news detection, as a key task in the field of natural
language processing, has attracted widespread attention in
recent years. LLMs such as GPT (Radford et al. 2018) and
LLaMA (Touvron et al. 2023), with their powerful language
understanding and generation capabilities, have made sig-
nificant progress in fake news detection tasks (Wang et al.
2024a; Qi et al. 2024; Hu et al. 2024; Wan et al. 2024). How-
ever, due to the problem of knowledge hallucination (Ji et al.
2023), LLMs still face inevitable limitations in detecting
fake news. Existing studies mainly alleviate hallucination
through methods such as Retrieval-Augmented Generation
(RAG) (Boumber et al. 2024) and knowledge graphs (Guo
et al. 2023), but rarely explore the positive role of hallucina-
tion signals themselves in fake news detection. For example,
how do the regions of news articles that easily trigger LLMs
hallucination differ from other regions? Can we regard these
regions as the most challenging cases for fake news detec-
tors, thereby improving their performance?
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Please summarize the following content: My friend Hill
and I love playing basketball together. We spend hours
on the court, dribbling, shooting, and competing against
each other. Our passion for this game brings us closer
as good friends.

Lucas and I love
playing basketball and
this makes us good
friends.

Input
conflicting
Hallucination

In the world’s most popular basketball league, the NBA,
Commissioner Adam Silver has long been regarded as a leader and
decision-maker. Firstly, Silver has claimed his dedication to
maintaining fairness and competitiveness in the game. Secondly,
Silver has repeatedly emphasized his concern for player health and
well-being. In this case, Stern’s words and actions clash with his
stated goal of caring for player welfare.

Tell me
something
about the
NBA
Commissi
oner.

Context-
conflicting

Hallucination

Who was the mother of | /oo
Afonso II, the third king of
Portugal?

The mother of Afonso II was
Queen Urraca of Castile.

Fact-
conflicting

Hallucination

Figure 1: Illustrations of the three types of LLM hallucina-
tions that we define. For input-conflicting hallucination, the
LLM makes a mistake in the person’s name (Hill—Lucas)
during summarization. For the context-conflicting halluci-
nation, the LLM discusses Silver in the early stage, but
later switches to Stern, resulting in a contradiction. For the
fact-conflicting hallucination, the LLM states the mother of
Afonso II was Queen Urraca of Castile, while the correct
answer is Dulce Berenguer of Barcelona

Generally speaking, knowledge hallucination refers to the
phenomenon where LLMs generate false or misleading in-
formation (Ji et al. 2023). Previous studies have summa-
rized the types of LLMs hallucination (Zhang et al. 2025),
including input-conflicting, context-conflicting, and fact-
conflicting. Input-conflicting hallucination refers to incon-
sistencies between the model output and user input; context-
conflicting hallucination refers to contradictions within the
output content; fact-conflicting hallucination refers to model
outputs that are inconsistent with world knowledge. Figure 1
shows typical examples of the three types of hallucinations
in LLMs.

To alleviate hallucination in a targeted manner, this paper
proposes a hallucination detection module (ISHD) based on
information structuring, which detects and then corrects the
three types of hallucinations. Based on this module, we fur-
ther find through experiments that the regions in news arti-
cles which easily induce hallucination in LLMs correspond
closely to the most challenging regions for fake news de-



tectors. In this paper, we propose a novel fake news detec-
tion framework (PHPFND) based on post-hoc processing of
LLMs hallucination. This framework first detects hallucina-
tion segments through information structuring. It then lever-
ages the detection results to drive multi-round correction of
the LLM outputs. Finally, it incorporates the hallucination
detection results as explicit features into sentence-level en-
coding and feature fusion. The main contributions of this
paper are as follows:

* We explore the coupling between hallucinations in LLMs
and the inherent challenges for fake news detectors, of-
fering a novel perspective on model blind spots.

* We propose a targeted hallucination detection and cor-
rection module (ISHD), and further design a feature en-
hancement mechanism (HDFE) guided by hallucination
detection feedback. Their combination improves detec-
tion accuracy and explainability.

e Experiments on two mainstream fake news datasets
demonstrate the effectiveness and explainability of our
proposed method.

Related Work

With the rapid evolution of online social platforms, fake
news detection has become a long-term and highly active re-
search area (Ma et al. 2022, 2023, 2024; Dai et al. 2025; Ma
et al. 2025). In recent years, LLMs have shown remarkable
capabilities in fake news detection, spurring numerous stud-
ies. Approaches include generating multiple veracity reason-
ing paths with debate-like processes (Wang et al. 2024a);
leveraging external tools and retrieval to model cues from
text, images, and claims for context-free detection (Qi et al.
2024); and revealing LLMs’ strengths in content analysis but
weaknesses in veracity judgment due to factuality and hallu-
cination challenges (Hu et al. 2024). Many works integrate
LLMs as auxiliary feature generators for SLMs or directly
apply LLMs with prompting or training strategies (Koike,
Kaneko, and Okazaki 2024; Kumarage et al. 2023; Zhang
and Gao 2023; Wang, Chang, and Peng 2024; Yang et al.
2024; Zeng and Gao 2023). Hallucination remains an un-
avoidable issue, attracting extensive research on its causes,
classification, and mitigation (Huang et al. 2025), includ-
ing adversarial evaluations (Lin, Hilton, and Evans 2021),
self-reflection (Madaan et al. 2023), contrastive prompt-
ing (Zeng and Gao 2023), fact-checking in chain-of-thought
reasoning (Dhuliawala et al. 2023), and specialized bench-
marks (Guan et al. 2024). Methods to reduce hallucina-
tions include balanced fine-tuning with positive and nega-
tive prompts (Liu et al. 2023), iterative concise answer gen-
eration (Wang et al. 2024b), and training-free detection and
correction (Yin et al. 2024). However, eliminating hallucina-
tions remains fundamentally infeasible under current LLM
architectures (Gao et al. 2023; Rafailov et al. 2023; Shinn
et al. 2023; Tay et al. 2022), posing a long-term challenge.
Unlike prior work, this paper systematically uncovers the
intrinsic link between hallucination-triggering input regions
and fake news detectors’ discrimination difficulties, leverag-
ing this to enhance performance.
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Methodology

An overview of our method can be seen in Figure 2.

Hallucination Detection Based on Information
Structuring

We extract sentence-level events from the news article X =
{z1,...,x,} and the LLM output T' = {¢y, ..., t,, }, where
each sentence x; or t; is converted into a structured event
tuple e = {s,v,0,c,1} denoting subject, predicate, object,
time, and location. This is achieved using an LLM.

Input-Conflicting Hallucination Detection To detect
input-conflicting hallucination, we align events e;* and e?
extracted from x; and ¢; and compare their slot-level seman-
tics.

Event Alignment. We compute the similarity between

each event pair (e;%,e]) using a weighted sum of cosine
similarities across corresponding slots:

ox o ory_ 1 X T 1

sim/(e; N )= E o - cos( i j,r)’ )

reS

where S = {s,v,0,c,l} is the set of slot indices, and «,. is
the weight of slot 7. f;¥. and f], are semantic vectors of slot

7 in ;X and eJT, encoded by a pretrained encoder.

To determine the weights «,. for each slot, we use an un-
supervised statistical estimation method. Specifically, for a
large number of event pairs, we compute the variance o>
of the semantic similarity distribution of each slot, and then

scale the inverse of the variance to obtain the weights:

B Zpes(a§+e)
r = 0%+€ 5

)

where € is a small smoothing constant. Based on the above
event similarity, we construct a similarity matrix A €
R™*" where m and n denote the number of events in the
news X and the LLM output T, respectively. When m # n,
we introduce |m—n| virtual events to expand A into a square
matrix A’ € RF** with k = max(m, n). The similarity be-
tween any virtual event and real event is set to a constant

0 = —1, enforcing minimal similarity to avoid unintended
matches:
. X T . . K
A - sim(e;* , € ), leST.er_]Sn' 3)
J 0=-1, otherwise

We then apply the Hungarian algorithm to A’ to solve the
maximum weight matching problem and obtain the optimal
alignment G between eX and e’

k
G =argmax » A, .,
%en ; i,9(4)

“4)

where II denotes the set of all valid one-to-one mappings,
and (i) is the index of the output event e] matched to the

i-th news event e; . If g(7) points to a virtual event, e* is un-
matched and excluded from subsequent comparisons. Con-
versely, when m < n, we perform matching from 7" to X
using ¢(j) analogously. To eliminate spurious matches, we
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Figure 2: An Overview of the PHPFND.

impose a threshold ¢, and retain only aligned pairs where
sim(eX ) > 0.

Event Comparlson. For each matched pair E;
{eX, eg(i)}, we assess slot-level consistency. Given a sim-
ilarity threshold 7 for all slots and using the similarities
stored in the matrix A’, we define the slot-consistency in-
dicator function z, as:

: X (T
gm0 Ui i) 2T )
1, otherwise

)

A hallucination is detected if:

* the subject s or the object o does not match (but not both);
¢ s and o match, but v, ¢, or [ does not match.

where 0 indicates consistency and 1 indicates inconsistency.
Missing slots are marked as consistent. We record positions
of input-conflicting hallucination in X and T as posy and
posT, respectively.

Context-Conflicting Hallucination Detection To detect
context-conflicting hallucination, we propose EST (Entity-
Stance Trajectory) modeling, which traces the evolution of
subject entities across sentences to identify contextual in-
consistencies.

Subject Trajectory Modeling. Given the LLM output T' =
{t1,...,tm}, we first perform coreference resolution by an
LLM to identify the subject s; in each sentence t;. Then,
we compute the stance polarity ¢; € [—1,1] of each sen-
tence ¢; toward its subject s; using a pretrained encoder. A
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higher ¢; (closer to 1) suggests a supportive stance, while
a lower g, (closer to —1) indicates an opposing stance. We
also extract the semantic embedding of each sentence, de-
noted as ij . Each sentence ¢; is then represented as a node
w; = {s;,q;, f] }, and the output sequence forms the initial
trajectory T = (w1, wa, . . ., W]

We group nodes sharing the same subject s; into a trajec-
tory 7; = [w'”, w{? ,w‘(éz‘], indexed by C; = {j | s; =
s; }. Trajectories where s; occurs only once are discarded.

Trajectory Consistency Scoring. To evaluate the contex-
tual consistency of each trajectory 7;, we compute three in-
dicators:

Stance Variation. This indicator measures the fluctuation
in stance polarity qj(-l) between adjacent sentences with the
same subject s;:

[Cil

0
1 Z ’q

Cil =1 =

V;lance - - qj 1 (6)

(@) }

Higher values indicate abrupt attitude shifts toward the sub-
ject, suggesting inconsistency.

Semantic Variation. This indicator measures semantic
drift in the trajectory by calculating the cosine similarity

between the embeddings ij’(Z)
topic s;:

of sentences with the same

).

ICil
(i):|C|—1Z(1 cos( (i)»

topic

T,(4)
j—1

)



Larger values indicate low coherence and potential topic in-
consistency.

Coherence Gap. Let { j%i), cey jl(é)'l} be the global indices
of trajectory nodes. The coherence gap is defined as:

Vi = max (i), -7 1)

Gap ™ ey

It captures the longest span where the subject s; is omitted
in consecutive sentences. A larger gap implies worse contex-
tual continuity.

Each metric captures a distinct type of contextual insta-
bility. If any of the three scores exceeds its corresponding
threshold @2, ¢3, or ¢4, the trajectory is flagged as hallu-
cinated. The detected context-conflicting hallucination posi-
tions in X and T are recorded as pos3 and posl, respec-
tively.

®

Fact-Conflicting Hallucination Detection To detect fact-
conflicting hallucination, we combine multi-source evidence
retrieval and semantic path inference.

Multi-Source Evidence Retrieval. For each sentence ¢; in
the LLM output 7', we extract its subject-verb-object triple
v; = {s;,v;,0;} as a claim. Two types of evidence are re-
trieved for y;: 1) factual knowledge from Wikipedia K B; 2)
user comments X ¢ associated with the news article X.

For evidence type 2), we semantically encode all com-
ments, apply K-Means clustering, and extract K represen-
tative cluster centroids as evidence. All evidence is prepro-
cessed with LLM-based coreference resolution and repre-
sented in triple form:

©))

Semantic Path Reasoning. We build a hybrid evidence
graph &; = (V}, E;) for each ; using retrieved triples fyi(J ),
The node set comprises all subjects and objects:

A9 = (sgj),vgj),o(-j)) .

K2

(10)

Vj:{sl(»j), ogj)\lgign}.
The edge set E; consists of directed edges, each repre-
@)

senting a predicate Uij ) linking the subject s
().
0"

to the object

By ={(sV.?. o) |1<i<n}.  ap

Starting from the claim subject s;, we traverse the evi-
dence graph &; to find all semantic paths leading to the ob-
ject o;. Let the path set be:

Pi={ala:s;~ o0, acé&}. (12)

For each path a € P;, we obtain an abstracted predicate
s,0 . . .
v;"" representing the inferred relation between s; and oj,

defined as:
5,0 vz(j), stngle — hop
v =
! R(a),

. 13
multi — hop (13)
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Here, R(-) denotes a reasoning abstraction function im-
plemented by an LLM to summarize multi-hop paths into a
condensed relation.

Since the claim predicate v; may differ from the evidence
relation vj-’o, we evaluate their consistency by computing the
cosine similarity between their semantic vectors: f, (from
the evidence path) and fI (from the claim),

sim(vj,v;’o) = co5(fa, ch)

We rank paths by similarity and select the top K> triples
from them. Based on the ratio of contradictory to supportive
evidence among them, we determine whether the claim -; is
hallucinated.

We finally obtain the position indices of fact-conflicting
hallucination posl and poss for the LLM output and corre-
sponding news sentences.

(14)

Hallucination Correction To perform targeted correc-
tion, we design a dynamic prompting mechanism tightly
integrated with the detection module. Let pos
{pos1,posa,poss} and h = {hy,ha, hs} denote the hal-
lucination positions and types, respectively. These are in-
serted into a predefined template I to form a correction-
oriented prompt p = {I, X, pos, h}. The template I in-
cludes three variants corresponding to different hallucina-
tion types: I = {1y, I, I3}. An example of template I can
be found in Section 6.

Since a single revision often fails to fully resolve con-
tradictions, we introduce an iterative correction process.
In each round i, the hallucination detector yields H; =
{pos, h}, which guides the LLM to revise the output. It-
eration continues until no hallucination is detected or the
maximum number of steps K3 is reached. Our approach
differs from existing methods in its explicit use of pos and
hallucination-type-specific prompts, enabling more precise
correction and reducing the risk of generalization failure
caused by uniform prompting.

Fake News Detector Guided by Hallucination
Signals

After multiple rounds of correction, we integrate the cor-
rected LLM outputs T = {t1,...,tm}, the hallucination-
indicator signals H from the hallucination detector, and the
news sentences X = {z1,...,z,}. To leverage these sig-
nals for more reliable fake news detection, we propose a
post-hoc hallucination—guided framework (PHPFND) con-
sisting of two parts: a Hallucination-Driven Feature En-
hancement (HDFE) mechanism and a Classification and
Loss module.

Hallucination-Driven Feature Enhancement Mechanism
The feature enhancement process comprises three compo-
nents: 1) hallucination masking, which uses the indicator
from the final detection round to suppress residual hallucina-
tion noise; 2) feature separation, which leverages per-round
hallucination signals to highlight high-risk semantics; and 3)
attention fusion, which aggregates processed features with
weights guided by hallucination signals.



Hallucination Masking. Even after multiple correction
rounds, residual hallucinations may remain. For each gen-
erated sentence t;, we construct a hallucination-indicator
vector H = (R, 89 1$) covering three hallucina-
tion types and generate a binary mask sequence M
{m1,...,my,}, where m; 1 indicates the presence of
a hallucination.

Feature Separation. Each news sentence x; and each gen-
erated sentence ¢; are encoded as f* € R? and ij €

R? using a pretrained encoder. During multi-round correc-
tion, the hallucination frequency of z;, denoted as u; €
{0,1,..., K3+ 1}, is recorded. Based on u;, x; is assigned
to one of K3+ 2 reliability categories, each with a projection
matrix WX € RI*d"

fX=wHTex (15)

For generated sentences ¢;, two projection matrices Wi
and W are used for hallucination-free (m; = 0) and hallu-
cinated (m; = 1) cases, respectively:

=0
’ (Wy)

VR

m; =0 (16)

m; = 1
Attention Fusion Guided by Hallucination Signals. Hal-

lucination signals play two roles: (1) they alter feature sub-

spaces via branch selection; and (2) they act as additive pri-

ors in the following attention module, amplifying high-u;

news sentences and suppressing hallucinated ones (m;=1).
Attention scores are computed as:

()TN + Buw)
e ()T + )

eXp((f;‘F)TfJT - 52mj)

ZZ; eXP((qu)TfkT - 52mk)
where fX and fI are learnable query vectors, and 3; and
(o are trainable scalars that control the signal strength.

The weighted sentence representations are then aggre-

gated as:

& ; 7)

«

; (18)

s

n m
X X ;X T T ;T
V:Eozii, V:Eajfj. (19)
i=1 j=1

Finally, a gated fusion module generates the global repre-
sentation:

Vfinal = X 4+ (1 - MvT. (20)

Classification and Loss The fused representation Vv f;nq;
is passed through a linear layer followed by a Sigmoid acti-
vation to produce the predicted probability p:

2y

where w and b are learnable parameters, and o(-) denotes
the Sigmoid function. The model is trained with standard
binary cross-entropy loss:

ﬁ = J(WTVfinal + b)7
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Chinese weipoz1) Englishpreme)
Train Val Test | Train Val Test
Real | 2,784 928 928 | 1,098 366 366
Fake | 2,692 897 897 | 1,183 394 394
Total | 5,476 1,825 1,825 | 2,281 760 760

Table 1: Statistics of the datasets for Chinese and English.

L= —[ylogp+ (1 —y)log(l—p)], (22)

where y € {0, 1} is the ground-truth label, y = 1 indicates
fake news and y = 0 indicates real news.

Experiments
Experimental Setup

In this section, we introduce the datasets and implementation
details.

Datasets We evaluate PHPFND on two benchmark
datasets, the Chinese-language Weibo21 (Nan et al. 2021)
and the English-language Pheme (Buntain and Golbeck
2017). Weibo21 is a dataset collected from Sina Weibo, fo-
cusing on Chinese fake news. Pheme is a multi-event dataset
based on tweets from Twitter, targeting English fake news
detection. Both datasets are split into training, validation,
and test sets with a 6:2:2 ratio. Statistics are summarized
in Table 1.

Implementation Details For input-conflicting hallucina-
tion detection, thresholds ¢; and 7 are set to 0.62 and 0.7.
For context-conflicting hallucination detection, ¢2, ¢3, and
¢4 are set to 0.6, 0.65 and 3. For fact-conflicting hallucina-
tion detection, K7 and K5 are set to 6 and 10. The maxi-
mum number of correction rounds K3 is set to 3. Feature
dimensions d and d’ are set to 768 and 256. All encoders
use Sentence-BERT (Reimers and Gurevych 2019) with an
embedding size of 768. The LLM used in this paper is GPT-
40 (Hurst et al. 2024).

Comparison and Ablation Experiments

To demonstrate the effectiveness of our method, we conduct
both comparison and ablation experiments.

Baseline Methods We compare PHPFND with the follow-
ing three categories of methods:

LLM-only. 1) GPT-3.5: an LLM developed by Ope-
nAl and supporting the popular chatbot ChatGPT (Ope-
nAl 2022); 2) GPT-40 (Hurst et al. 2024): a large language
model with tens of billions of parameters.

SLM-only. 1) Baseline model: a prediction model
composed of a pretrained Sentence-BERT (Reimers and
Gurevych 2019) and an MLP; 2) EANN (Wang et al. 2018):
a method that uses adversarial training to learn effective sig-
nals; 3) FCN-LP (Zhao et al. 2023): a method that builds
a cross-modal tweet graph and applies label propagation for
multimodal fake news detection; 4) HMCAN (Qian et al.



2021): a method that uses a hierarchical multimodal con-
text attention network to model intra- and inter-modal rela-
tionships; 5) HSEN (Zhang et al. 2023): a method that ex-
ploits multi-level semantic information from news images
and texts.

LIM+SLM. 1) SuperICL (Xu et al. 2023): an advanced
prompt engineering approach that integrates SLMs into
prompt construction; 2) ARG (Hu et al. 2024): an adap-
tive reasoning guidance network that enables SLMs to se-
lectively absorb insights from the multi-perspective reason-
ing of LLMs; 3) L-Defense (Wang et al. 2024a): a method
that detects fake news by simulating defense across different
reasoning paths; 4) DELL (Wan et al. 2024): a three-stage
approach that integrates LLMs for news reaction generation,
task explanation expansion, and expert synthesis.

Ablation Variants w/o ISHD: Removing the hallucina-
tion detection module. Statement features are directly con-
catenated with reasoning and passed to an MLP for pre-
diction. w/o HC: Removing the hallucination correction
while retaining hallucination detection results for down-
stream feature enhancement. w/o HDFE: Removing the en-
tire feature enhancement mechanism. w/o AF: Removing
the hallucination-signal-guided attention fusion and using
standard attention fusion instead. w/o F'S: Removing the fea-
ture separation mechanism.

Result Analysis Table 2 shows that PHPFND achieves
the best overall performance across both the Weibo21 and
Pheme datasets, showing strong generalization and robust-
ness in cross-lingual fake news detection.

Baseline Comparison. Compared to LLM-only models,
GPT-40 and GPT-3.5 fail to match PHPFND, reflecting that
LLMs exhibit hallucinations in the field of fake news de-
tection. SLM-only methods like HSEN perform relatively
well, thanks to their multimodal fusion capacity, but lack
the global reasoning and robustness provided by our hal-
lucination modeling. Recent LLM+SLM hybrids improve
over single-model approaches, yet still lag behind PHPFND,
highlighting the effectiveness of hallucination-aware feature
enhancement in PHPFND.

Ablation Study. Removing the entire hallucination detec-
tion module (w/o I.SH D) causes the most significant drop,
confirming its pivotal role. Removing only the correction
module (w/o HC) results in a smaller but still notable de-
cline, indicating that relying on a single detection step is in-
sufficient.

Disabling hallucination-driven feature enhancement
(w/o HDFE) causes a significant drop in macF1 score,
indicating it is essential for highlighting high-risk content.
Removing the risk-guided attention module (w/o AF) and
feature separation strategy (w/o F'S) also causes noticeable
declines, confirming their contributions in distinguishing
and weighting hallucination-prone regions.

Together, these results demonstrate that PHPFND’s
key components—including hallucination detection, correc-
tion, and signal-guided modeling—work synergistically to
achieve substantial gains in robustness and accuracy across
languages and detection scenarios.
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Discussion on Hallucination Signals

To gain deeper insight into how hallucination signals en-
hance fake news detection performance, we conduct SHAP
(SHapley Additive exPlanations) visualizations (Lundberg
and Lee 2017) and compare the baseline model (Base),
which directly classifies encoded features, with our model
(Ours), which employs the feature enhancement mecha-
nism (HDFE), for the negative class.

e Positive
¢ Negative

0.2 0.4

0.6

0.8 1.0

Figure 3: SHAP scatter plot on Weibo21 dataset.
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o
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Figure 4: SHAP scatter plot on Pheme dataset.

SHAP Visualization To investigate the relationship be-
tween regions in news articles prone to inducing hallucina-
tions in large language models and the challenging regions
for fake news detectors, we group sentences by their hal-
lucination trigger frequency (from O to 4) across multiple
detection rounds, and apply SHAP analysis to measure each
group’s influence on predictions. As shown in Figures 3 and
4, where different colors indicate ground labels, the results
reveal that a higher proportion of data points with larger
SHAP values are found in sentences with higher hallucina-
tion frequencies. These high-risk sentences play a dominant
role in shaping model output.

Misclassification Rates on Hallucinated Samples To
evaluate model performance on samples that induce hallu-
cinations in LLMs, we compare the error rates (1 — ACC)
of Base and Ours on the Weibo21 and Pheme datasets.
As shown in Figures 5 and 6, Ours significantly reduces
the error rate from 32.1% to 18.7% on Weibo21 ([42%)
and from 35.6% to 19.2% on Pheme ([46%). These results
demonstrate that incorporating hallucination signals helps
the model more effectively identify and mitigate misleading
content. More importantly, they confirm that regions trig-
gering hallucinations are not random noise, but are closely



Model Chinese(Weibaﬂ ) English(pheme)

Acc. macF1 Pre. Recall Acc macF1 Pre. Recall
GPT-3.5 0.724 0.717 0.702 0.733 0.662 0.660 0.659 0.661
GPT-40 0.772 0.771 0.774 0.768 0.721 0.721 0.732 0.711
Baseline 0.748 0.742 0.752 0.747 0.740 0.738 0.744 0.741
EANN 0.792 0.794 0.803 0.785 0.702 0.693 0.713 0.674
FCN-LP 0.855 0.894 0.889 0.899 0.847 0.893 0.888 0.898
HMCAN 0.874 0.878 0.861 0.896 0.864 0.835 0.832 0.838
HSEN 0.927 0.928 0.926 0.931 0.908 0.888 0.886 0.890
SuperICL 0.759 0.755 0.764 0.746 0.789 0.785 0.782 0.788
ARG 0.786 0.776 0.774 0.788 0.778 0.775 0.768 0.782
L-Defense 0.825 0.831 0.832 0.830 0.811 0.815 0.819 0.812
DELL 0.865 0.866 0.862 0.870 0.831 0.835 0.829 0.842

“Ours 0941 0942~ 0939 " 0944 " 0922 " 0925 T 0926 " 0929

w/o ISHD 0.823 0.823 0.827 0.819 0.806 0.813 0.812 0.814
w/o HC 0912 0.910 0.908 0912 0.907 0.905 0.908 0.901
w/o HDFE 0.872 0.871 0.872 0.870 0.861 0.858 0.865 0.850
w/o AF 0.894 0.901 0.912 0.890 0.878 0.880 0.878 0.882
w/o FS 0.907 0.906 0.905 0.906 0912 0.912 0.910 0914

Table 2: Experimental results of performance comparison and ablation study. Bold font indicates optimal. The ablation experi-
ment is separated from the comparison experiment by a dotted line.
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Figure 5: Misclassification rates on Weibo21 dataset.

tied to areas of high semantic ambiguity and decision diffi-
culty—making them critical cues for improving the reliabil-
ity and robustness of fake news detection.

Hallucination Correction Prompt

In this section, we introduce examples of prompts used in
hallucination correction.

Input-Conflicting

The sentence at < pos? > in the LLM output < 7' > ap-
pears unrelated to the news article < X >. Revise it while
maintaining clear themes and instructions.

Context-Conflicting

Stance Variation. Entity < Entity > shows abrupt stance
changes at < pos? > . Correct while ensuring stance con-
sistency. Semantic Variation. Entity < Emntity > exhibits
topic drift at < posJ >. Modify while maintaining thematic
coherence. Coherence Gap. Entity < Entity > reappears

833
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46%

|

19.2%

Ours

Baseline

Figure 6: Misclassification rates on Pheme dataset.

at < posl > after a long interval. Revise while preserving
contextual connections.

Fact-Conflicting
T

Statements at < pos; > contradict real-world knowledge
< FEwvidence >. Please correct with reference to verified
facts while maintaining logical consistency.

Conclusion

This paper proposes a novel fake news detection frame-
work, PHPFND, which incorporates a hallucination detec-
tor (ISHD) and a feature enhancement mechanism (HDFE).
Experimental results demonstrate that PHPFND achieves
superior performance on both Chinese and English bench-
mark datasets, significantly outperforming existing methods.
Moreover, from the novel perspective that hallucinations are
not merely flaws, we explore the relationship between hal-
lucination signals and high-risk regions for fake news detec-
tors. The results confirm that regions triggering hallucina-
tions correspond to those significantly affecting the detector.
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