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(HDGCN)# AT 147 % 3] . EWRER RS BZEE AN TALRHEREmEEZTHI TG RFALTRY THAEZE,
SR AW AT HIEE Weibo o Twitter £, 5 B3 L AMWEA T REHE A LDAVAE Mk, B3 /5 8 E R F1 A5
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Unified Fake News Detection Based on Semantic Expansion and HDGCN

ZHANG Mingdao,ZHOU Xin, WU Xiaohong, QING Linbo and HE Xiaohai

College of Electronics and Information Engineering, Sichuan University,Chengdu 610065, China
Abstract There are many methods for detecting fake news. The single method typically focuses only on information such as news
content,social context,or external facts. On the other hand,joint detection methods integrate multiple modalities of information to
achieve the detection goal. Pref-FEND is an example of a joint detection method that integrates news content and external facts.
It extracts three types of word representations from news content and external facts,and uses dynamic graph convolutional net-
works to capture relationships between word nodes. However, there are still shortcomings in how to make each modality more fo-
cused on its preferred aspect. Therefore, the Pref-FEND model has been improved by using semantic mining to expand style
words in news and entity linking to expand entity words in news. This results in five types of word as node representations in the
graph neural network.enabling a more effective modeling of the node representation of the graph neural network. Additionally.a
deep heterogeneous graph convolutional network (HDGCN) 1is introduced for preference learning. Its deep strategy and multi-
layer attention mechanism allow both models to focus more on their own preferred perception and reduce redundant information.
Experimental results demonstrate the effectiveness of the improved framework. On the public datasets Weibo and Twitter, com-
pared to the current state-of-the-art content-based single model LDAVAE, the improved framework achieves an F1 score im-
provement of 2.8% and 1. 9% respectively. Compared to the fact-based single model GET, the F1 score improvement is 2. 1%
and 1. 8% respectively. In the case of joint detection using LDAVAE-+GET,the F1 score is 1. 1% and 1. 3% higher than Pref-
FEND respectively. Experimental results validate the effectiveness of the improved model.

Keywords Fake news,Graph convolutional networks, Entity extraction, Attention mechanism, Natural language processing
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Facel? 4 158, f S 24 bert-base-chinese, 3& 3¢ &L 1
bert-base-uncased, ia] [a] & 4k & -}y 768,

SEHFRIE N : Ubuntu 16. 04 LTS 64 {7 #:1F & 4. 64 GB
W 1f, CPU i7-8700, fi. % NVIDIA GeForce GTX1080Ti, %
H 4 F2 155 A Python 3. 7, W BE 2% S HEZL S . Pytorch 1. 8,
3.4 iEMIELR
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Table 2 Single model comparison

Weibo Twitter
AL

Acc Fy P fake Riake P real Rical Acc Fy Prige Riake Preal Rcal
Bi-LSTM 0.667 0. 660 0.626 0.820 0.744 0.516 0.767 0.732 0.753 0.923 0.811 0.635
Pref-FEND 0.709 0.709 0.696 0.735 0.723 0.683 0.793 0.788 0.870 0.779 0.700 0.754
Pind/s 0.721 0.719 0.708 0.757 0.724 0.693 0.812 0.805 0. 886 0.789 0.708 0.771
EF N A BERT-Emo 0.712 0.708 0.667 0. 839 0.787 0.587 0.794 0.762 0.769 0.950 0.873 0.675
A Pref-FEND 0.746 0.744 0.703 0. 847 0.811 0.647 0. 804 0.776 0.781 0. 945 0.870 0.697
Pind/s 0.759 0.753 0.712 0.838 0. 807 0.709 0.811 0.787 0.782 0.936 0.879 0.701
LDAVAE 0.731 0.727 0.687 0. 855 0.788 0.602 0.803 0.775 0.781 0.951 0.879 0.677
Pref-FEND 0.749 0.744 0.712 0. 855 0.832 0.654 0. 807 0.779 0.788 0.956 0. 875 0.703
Pind/s 0.761 0.760 0.723 0.870 0.838 0.704 0.817 0.799 0.794 0.958 0. 881 0.732
DeClarE 0. 684 0.678 0.642 0. 820 0.755 0.549 0.786 0.753 0.765 0.941 0.853 0.543
Pref-FEND 0.706 0.701 0.661 0. 840 0.785 0.574 0.798 0.785 0.823 0. 854 0.754 0.710
Pfnd/s 0.724 0.722 0.683 0.857 0.801 0.586 0.808 0.794 0. 844 0.874 0.748 0.717
A MAC 0.724 0.723 0.695 0.793 0.763 0.657 0.791 0.764 0.777 0.924 0.829 0.581
LW Pref-FEND 0.749 0.748 0.728 0.790 0.773 0.708 0. 804 0.784 0. 800 0.907 0.815 0.642
A Pind/s 0.753 0.758 0.729 0. 804 0.778 0.709 0.817 0.795 0.799 0.924 0.819 0.682
GET 0.737 0.738 0.702 0.799 0.749 0. 664 0.799 0.776 0.775 0.938 0.830 0.592
Pref-FEND 0.748 0.747 0.712 0.814 0.757 0. 684 0. 805 0.783 0.769 0.935 0. 836 0.598
Pind/s 0.767 0.764 0.734 0.819 0.771 0.698 0. 820 0.801 0.778 0.967 0. 870 0.556
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1. 6% 1. 7% ;7E Twitter $0H54E b, Fy fH 40 B3 = 2. 4 %6
2.5% s Hofh B R B B AE Pind/s HEZR N (19 5256 25 BRI AL 1 T
Pref-FEND, 4l Pfnd/s #E32 F ,GET BA Y [, {7 Weibo %X
g R 1. 7% 1 Twitter 0484 FHET 1.8% ., T4
RAATFY T ARSI Y 78 30 5 2B A &t RVRT DLk 5
50 TR BT 4 b 2% > 0 AR A B ACHD A BT Pref-FEND #E 42
B 3 BT L 38 k42 i KU 53 7 9 A 56 0 SCIR DA R SE i
G R A AR R A, B FE S Y 5 RE R K E T A
I 26 Hh 4T A5 A B AE T LS Bl A R T b B e SO
FPR X R I 1 S B, . TR, Pind HEZRF] A HDGCN ] L)
U A S T P T R R, DTG R T ASE R 1Y i et R
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3.5.2 @RABLA M

S:H I Bi- LSTM 4 DeClarE Al LDAVAE+ GET W #
HAMERA B, R R T AT R 4 50K bR R
5 — 2 PR AE A R AR N R & B, B Pind-last, 3258 4%
B 3 fral.,
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* 3 AAEIEERT
Table 3 Fusion model comparison
y Weibo Twitter
# A

Acc Fy P fake Riake P real Rieal Acc F Prake Riake Preal Rical
Pref-FEND-last 0. 697 0. 696 0.721 0. 637 0.678 0. 757 0.798 0.768 0.775 0. 945 0. 866 0. 566
Bi-LSTM-- Pind-last 0.703  0.708  0.731  0.644  0.674  0.759  0.805  0.774  0.778  0.965  0.875  0.576
DeClarE PrefFEND  0.714  0.712  0.684  0.788  0.754  0.640  0.812  0.792  0.803  0.917  0.832  0.645
Pind 0.727 0.728 0.709 0.798 0.747 0.658 0.829 0.811 0.810 0.921 0. 856 0.534
Pref-FEND-last 0. 730 0. 734 0.726 0.697 0.724 0.719 0. 809 0.811 0.787 0.955 0. 887 0.621
LDAVAE+ Pfnd-last 0.738 0.744 0.735 0.701 0.764 0.725 0.817 0.810 0.787 0.941 0.853 0.663
GET Pref-FEND 0.753 0. 754 0.755 0. 840 0.785 0.574 0. 827 0. 806 0.823 0. 854 0. 754 0.710
Pind 0.767 0.771 0.771 0. 855 0.791 0.627 0.839 0.824 0.819 0.834 0.748 0.711
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Table 4 Ablation experiment 1

Weibo Twitter
A Ace F, Ace F
Bi-LSTM -+ Pind/seo 0.714 0.716 0. 820 0.799
DeClarE Pind 0.728 0.729 0.824 0.811
LDAVAE+ Pfnd/seo 0.756 0. 760 0. 829 0.808
GET Pind 0.763 0.769 0.837 0.819

3.6.2 HDGCN 84 4 7 1

WM 2.2 FHRLALFIAT HDGCN A S 45 5 ) i 4 8%
FRERL Sy 56 TIE A B A 7 A L A3 T R T A e, BRI AL
200 4 4K A 4 We S (PEnd/ rand) K IS B 43 901 35 e b % G2 1 4
M 2% GCN(Pfnd/gen) Fil 53 44 ] 36 FLU W 26 HetGCN (Pfnd/
hetgen) . HABBIHRRF RS . E LDAVAE+GET 1 Jy il
AR, SR A5 AN SR 5 TS, 7E Weibo ¥ 4 Il Twitter
By b RS F B, HDGCON X R 4 1 58 42 THE W1
TCAE B T AR B i g2 3T A st L BV ST AR 2 R R
FIHLHI AT L FE 3 ) BT A R AE R Bl R R 2 T 5
FRARE A KL E,
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Table 5 Ablation experiment 2
B Weibo Twitter
Acc Fy Acc Fyq
Pind/rand 0.689 0.688 0.791 0.793
Bi-LSTM+ Pfnd/gen 0.709 0.710 0.803 0.790
DeClarE Pind/hetgen 0.714 0.713 0.815 0.797
Pind 0.727 0.726 0.827 0.814
Pfnd/rand 0.722 0.719 0.798 0.782
LDAVAE+ Pind/gen 0.746 0.742 0.814 0.793
GET Pfnd/hetgen 0.754 0. 750 0.829 0. 806
Pfnd 0.769 0.763 0.837 0.819
GEWRIE O 7 EAF R TV RO MRS I A4 o A B2 AR SC

SRR BT P9 2R AN AL EE S A B A A A AL Pind., HAROR
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