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Abstract

Nowadays, the task of fake news detection is receiving more and more attention. This article takes
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into account that different news has the characteristics of covering many fields and rich hidden
background information. It is proposed to use the entities in the news to link to Wikipedia, which
has a wide range of fields and complete information, to mine the potential background informa-
tion of the news and form a heterogeneous graph with structured triplet information to enrich the
representation of the news. In order to learn and update the modeled news heterogeneous graph
feature vectors, an improved graph convolutional network model (GCN) and a Distance Graph At-
tention Network (DGAT) model are proposed. Specifically, by assigning different types of hetero-
geneous graphs to Different change matrices of nodes map different types of nodes into the same
common space, solving the limitation that the GCN model cannot be directly applied to heteroge-
neous graphs. In view of the characteristics of the news heterogeneous graph modeled in this ar-
ticle, an attention mechanism based on news semantic distance is introduced to capture the se-
mantic consistency of news and background knowledge after fusing external knowledge, and fi-
nally input it into the classifier to perform false recognition and news detection. Experiments on
public datasets demonstrate the effectiveness of our method.
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Figure 1. Diagram of news heterogeneous graph and knowledge graph
1. FHEFHESMRELEREE

3.2. RHaEEFIRE DCGAT

GCN HERI[15] 2 — Al N TE R A BRI B g i, s F— A e G = (V,E), v A
IR AR, A n(n=|V]) R EREAIANL B ONERI A . PR X e R SR E T
3 S ERE A, BVAERE X B% | AT R | N A R r i, 1O i R . TSI
ABAERE Ac R™ Rl US4 E, 25 Ag N L IFRA | A1 U558 | AN SURADE Y A, B FoRmiA
B REN 1, B8 0 MIZORFAT S AT, T B A7 ) g B R RR, A
(R EI AT R A R R, BREAARE SRR, FHMASRERE | (AT £
THI(+A). BT RS A B AT R I AR B R ME, B S ABAERE D, RHAREIEIE( + A)
BT RBIEAT N — (L AbBE, FL D, = ) Ay AR EIE SBE 45—/ GON 2 A Ak 2(0) e ™
AR 20 e R™Y WY AR GON 2 ) B4 S B 14 28 (1)

1 1
Z(”l):O'[D 2(1+A)D ZZ(”\N“)] @

e, w(j)e R RIS B RUERE, o) NiE R, 20 =X,

SRR A R g BRI, 5 Al TR R R T8 40 SR B (R T30 2 FRS LTS 50 AL 450
L= TR ), {5 GON B RIE & BRI E RHIE L. 4 746 GON BLASE I T2 S04 i1 R A,
B RN R R T  HE B— A R 0 A S 2 T, ] 2 R

T8 AN HE %8 ] P RE S RFF AT S HOMIUE DU 22 3 2 0 TD A3 e % T35 AR VR R R 262
(R, V= (Ve Vo, Vi BB 5022 R, SRS 2K TR0 5 2 3R DS [ (0 AE B
SRR R St S R R F, AR @) iR

DOI: 10.12677/csa.2024.143068 181 THEAURF 5 R


https://doi.org/10.12677/csa.2024.143068

il 2%

0.2 BREEHNE
! S R

i
N

,,,,,,,,,,,,,,,,,,, “,,,,,,,,,,,,,,,,,,, g ; ,,,,,,,,,,,,,,,,,i,,,,,,,,,,,,,,,, g g R R—— ',,,,,,,,,,T,,,,,,,,,
L R ERR 2.1 BRI RETT T 2 3. Bt 4. 93
AR

Figure 2. Diagram of news heterogeneous graph and knowledge graph
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Table 1. LUN dataset statistics used in the experiment

% 1 SBPEAM LUN RiEEHES

Dataset Trusted (#Docs) Satire (#Docs) Hoax (#Docs) Propaganda (#Docs)
LUN-train 9995 14,047 6942 17,870
LUN-test 750 750 750 750
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Table 2. Test results on the dataset

=2 ARIEE LMKER

X} Micro-F1 Macro-F1
CNN 53.92 51.36
LSTM 54.44 51.50
BERT 54.74 53.12
GCN 62.60 61.92
GAT 62.61 61.79
DGAT 64.25 63.58
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