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Rumor Detection Based on Similarity-enhanced Propagation Structure

LIN Yidi, LI Bicheng and YANG Haijun

College of Computer Science and Technology, Huaqiao University, Xiamen, Fujian 361021, China
Abstract The rapid rise of social media has led to the issue of rumor dissemination.causing negative impacts on society. Existing
rumor detection algorithms mainly focus on the contents and propagation structures of news,but often overlook the potential in-
fluence of user preference similarity. When browsing posts.users are more likely to encounter information spreaded by other users
with similar preferences,which can further fuel the spread of rumors. Moreover, existing research frequently neglects the diversity
of propagation structures and the relationship between news content and its propagation structure, Different types of news should
exhibit different propagation patterns. Therefore, this paper proposes a model named “SEPS”, which aims to establish connections
between users with similar preferences and then categorize propagation structures into various forms to extract features of diffe-
rent propagation patterns. Finally, by introducing contrastive learning and co-attention modules, the model enhances the correla-
tion between news content and propagation structure. Experiments demonstrate that the “SEPS” model can effectively detect ru-
mors,and its performance outperforms that of the best baseline models.

Keywords Rumor propagation,Propagation structure, User preferences, Propagation patterns, Relevance
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Table 2 Comparison of methods used by different models

in experiment

Model
CSI
SAFE
GTN
TGNF
GCNFN
GNN-CL
BiGCN
SEAGEN
UPFD
MFAN
SEPS

PS up Us DPS  MMC

S N
(S SN S NS
S

(SRS GRS

MF 2 AL e B R B R, CST A1 SAFE = B4 58 19
N X% #4791 s GTN, TGNF, GCNFN #1 GNN-CL j#
BT WAL RS 5 AR IR & 5 BiIGCN, SEAGEN,
UPFD F1 MFAN ) T 38 58 1 % 1 45 14 FR AE 2647 38 5 R0
4.3 XWHRESSHIEE

TE S A SCR A PyTorch £ #5058 30 3%, B
IRSZ IR A BN R 3 fr 8,

*3 LRI

Table 3 Experimental environment
LI A IR E
BIUERG Windows10 % W it 64 fiL

CPU Intel(R) Core(TM)i7-8700k
W % /GB 16

GPU NVDIA GeForce RTX 2080Ti
&k LE PyCharm

SEPS B (1 S50 & a3k 4 g,

x4 SHOkE

Table 4 Parameter settings

% &
e # Adam
R SN 128
#E KN 128
L2 EM L E 0.001
#* R OK 200
7 0.2
AL /Ay 0.3

4.4 KWIFMISHR
A SIS A IR B 0 A SR AR BRI W T I AR R S
s AR T L 5L 5 A0 VA 48 AR A A 2R (ACO) M F1 {E (F1

score) ,

B TP+ TN

ACC= b TN T FPTFN (25
__ TP

P=TPTFP
TP

R=7pTFp (26
_2XpXR

F1==2%

Horb, TP RN IE# 4 0 IR AR, TN 278 E 6 72809
FEARBL PP KRR M IEREAR S FN FoR 858 70 25 /9
FREARR, p FRFERG TR, R REH R,
4.5 #£R5itig
4.5.1 M EBLERE HH

HE AR 5 R SR LA POL 5 GOS X
VA A A7 E 2155 5 R 800 10 0% 19 A 0 SR AR AT T SE R L S0 4
B 5 fral.

SEPS #{ L FELE BRI ZE POL 5 GOS X Wi % d 4 1 B
BT RAENERE. SR PEF KB TFER

1) AN A B — 4R AR B9 7 9 40 SAFE A1 CST A 4[] B 2% 1
B A S AR IR S A AT R S R A T i SR AR AT, X R
P ALAE WA &SR SR B A 254, b, B4R BIG-
CN AU JH A% 6 45 ¥ R AE , {538 3o AN [\ 19 15 35 8 X058 T 1%
T 45 KRR A 78 5 A B50H8 4 1 4 A 45 b A T A B —
FRAE M0 1% 5 UM 7 v . [RRE S X 00 R I N 25 5515 1 45 44
EAT 1% 35 DU Y 7 15, I GCNEN il GNN-CL, 7EMEfE R &
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UPFD, SEAGEN, MFAN 3% 25 75 P4 25 4% 35 25 44 7 A1F 1) 36 Rl
A RRAG AR SR RRAE ) k. X U A 7R IR T ORI AT: S5 b, 1Y
TRIE F AL BE SRR A 2R

2) lb%& MFAN 5 UPFD o LI % B, 7 POL %0 48 L.
MFAN & BLE T UPFD, i £ GOS % 4 L Wk 3#h T UP-
FD. 7B /NEAR4E POL 1, MFAN 38 53 #2548 I P 2
V& 71 AR S T TR 43 MR TR P I TR G R L AHE R
UPFD 8 4 F &, A, MFAN 38 i 5] A 33 &y HL il B s 1T
P SRR 45 4 1 DG IR PE L 48 5 T R AR 278 19 T o, DA TIT 7
POL ¥4 LB 7 UPFD, 4R, 78 ¥ A &0 K 19 03 46
GOS b XA I A4 88 18, 7T BE J2& Rl B0 ML 4
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Table 5 Comparative results of models on POL and GOS datasets

Politifact Gossipcop
Model
ACC F1 ACC F1

SAFE 73.30 72.87 77.19 77.19
CSI 76.02 75.99 75.01 75.01
GTN 81.67 81.53 92.38 92.38
TGNF 74.28 74.09 85.07 85.07
GNN-CL 62.90 62.25 95.09 95.09
GCNFN 83.16 83.56 96. 36 96. 36
BIGCN 77.73 77.73 87.44 87.44

SEAGEN 84.25 84.16 96. 14 96. 14
MFAN 87.35 87.69 96. 33 96. 33
UPFD 84.62 84.65 97.23 97.22
SEPS 88.24 88.21 97.23 97.23

4.5.2 HEREBRERL HH

H T HUE SEPS A5 A o 45 21 1 A w50 L Sk H: A5 A 3E
77 40 Fe %, 43 B 4 “-US” “-IN20” “-O2IN” “-P”
“MMC”, X1 H R A SEPS B [R5 4, 43 5 HERR FH P
AR L IN20 1% 35 25 4 SR E L O2IN A% 45 45 48 BR1E L ] P I 1
FRAE RS LS A G . RS B nk 6 Jirdl .

F 6 SEPS [ [A] 28 44

Table 6 Various variants of SEPS
Model Politifact Gossipcop
ACC F1 ACC F1

-Us 83.71 83. 26 94. 85 94.03
-IN20 85.07 85.28 96. 26 96.23
-O2IN 87.33 87.11 96. 76 96.07

-P 83. 26 83.48 92.08 92.08
-MMC 86.23 86.08 96.17 96. 27
SEPS 88.24 88.21 97.23 97.23
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1) 25 B 22 P AR LR B (-US) | BIVRE TR R % 1 98 7 S Bk
HoER A X T SEPS KA 7E BT A Bdis 45 LA I T B, X
F B2 [T P 22 (R 4 A B A Bl T A0 IR e B i LR
L5 HRAE

2) 7 Fil A8 fR-IN20 FI-O2INCR 2% & £ Fh & #E 45 /) 1y
PERE T BE U] ORI A% S AN TIE S A0 E CE
T, BRI OR [ B AL BE O 20, LLSE 4 T b B i A

WLIE T AR,

3) WASEHL-P O 25 16 P I 4 B9 R R T B R B - 78 43 )
AP E A TREE SRR LR IEEIES
0 % A

43 53 %F th-MMC F1 SEPS 9 45 5 07 DL AR, 2% 5 357 19
P25 55 AR 5 0 00 G R O0HE B A DN A 25 1 . AS TR B A BT
VB PN 25 T il 5 BOA ] 1 1 48 A X, P I 255 25 BB T 3 T A
$ETH AR R
4.5.3 R R R A A0 B BAE 649 B R

ST W5 ST T 0 0 S TRD ARG G AL R () 3 R
S JR AT R TR AR AR BB AT T S I ST T SR A
HLOE 3 iR,

88
86
g
@ 84
%
82
80 #a%]
02 04 06 08 10
00 JE B B
97
9%
B
g_ 9%
&
oo
93
~ BHE
02 04 06 08 10
AL B

PR3 S [ R B 32 B i %0 3 35 A T A 52 I (POL 55 GOS Bl 4
Fig. 3 Impact of different similarity threshold values on rumor

detection(POL and GOS datasets)
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Table 7 Different methods of association enhancement

Model Politifact Gossipcop
USE ACC Fl1 ACC Fl
A X 86.97 85. 61 95.35 95.77
At b 3] 88. 24 88. 21 97.23 97.23
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Fig. 4 Feature visualization results
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Fig.5 Performance of different models in early rumor detection

tasks(POL Dataset)
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Fig. 6 Performance of different models in early rumor detection

tasks(GOS Dataset)

GEWIE A SCHEAIRGE 7RSS R 2 T P D 4 AR AR X
T E A AR AR I L O B2 T SEPS 88 3k 4 i A X —
R ARSCHBRURAL S B T 4158 W 45 W AL G 4540, B &
T 2Z 8] W TE G &R DA SO I N AR AL 1 4 R G Bk
PR DT R 42 i TR O E AL R R ARAE . Gl A T At e R A
I L8, S 45 UG IE T SEPS 7638 5 K6 J7 1 19 A Z0HE .

SR A SCHIF T A7 7E — BB PR . 77 58, B AR AL 7 2
JEFE A AR R0 v 2 B S A A R L EL 0 Rl RE 2
HoAth P BESE 1% B AR R . Rk BB SER] LUR R an ) 4
B2 (14t 28 N 4% Jm M A P AT O RR AR L S BB AL, DL A T
SITIE A REAALE . IR AR SO 4 BT R N A A R A
R P i G AR R 8 6 R . B ACTE 32 B B TR, an A
JERAT AT AN SCAR P2 AR B3 5 R RO S AR OR A ST Y 5 —
AF T 5 18

AR 3 TR B AL A WA R T AL R T S B AL 4R it
TR I RN Y i — 2B R S R T A M E
fift . AR AW FE AT LLAE AR SC T AR AY LR 3R 2R T £ B9 45 E
T5 % o LA DRk 5 A o s 35 A 1 S 9T T8 AR B B R

5 & x ok

[1] ACEMOGLU D,OZDAGLAR A,SIDERIUS ].Misinforma-

tion: Strategic sharing, homophily, and endogenous echo cham-

bers[ M]. National Bureau of Economic Research,2021.

[2] CINELLI M,DE FRANCISCI M G,GALEAZZI A.et al. The

240200116-7



Com puter Science

B Vol

.51,No. 11A,Nov. 2024

[3]

(4]

(5]

(6]

7]

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

echo chamber effect on social media[ J]. Proceedings of the Na-
tional Academy of Sciences,2021,118(9):e2023301118.

MA J,GAO W, WONGK F. Rumor Detection on Twitter with
Tree-structured Recursive Neural Networks[ C] // Proceedings
of the 56th Annual Meeting of the Association for Computa-
tional Linguistics( Volume 1:Long Papers). 2018:1980-1989.
WU K,YANG S,ZHUK Q. False rumors detection on sina wei-
bo by propagation structures[ C]// 2015 IEEE 31st International
Conference on Data Engineering. IEEE,2015:651-662.

ZHOU X,WU ]J,ZAFARANI R. Similarity-Aware Multi-mo-
dal Fake News Detection [ C] // Pacific-Asia Conference on
Knowledge Discovery and Data Mining. Cham: Springer Interna-
tional Publishing,2020:354-367.

ZHANG Y,WALLACE B C. A Sensitivity Analysis of (and
Practitioners” Guide to) Convolutional Neural Networks for
Sentence Classification[ C]// Proceedings of the Eighth Interna-
tional Joint Conference on Natural Language Processing ( Vo-
lume 1:Long Papers). 2017:253-263.

KALIYAR R K,GOSWAMI A,NARANG P. FakeBERT:Fake
news detection in social media with a BERT-based deep learning
approach[ ] ]. Multimedia Tools and Applications,2021,80(8):
11765-11788.

KENTON J DM W C,TOUTANOVAL K. BERT:Pre-training
of Deep Bidirectional Transformers for Language Understanding
[C]// Proceedings of NAACL-HLT. 2019:4171-4186.

CHEN T,LI X,YIN H,et al. Call attention to rumors: Deep at-
tention based recurrent neural networks for early rumor detec-
tion[ CJ// Trends and Applications in Knowledge Discovery and
Data Mining: PAKDD 2018 Workshops. Springer International
Publishing,2018:40-52.

MA J,.GAO W,WONGK F. Detect rumors on twitter by promo-
ting information campaigns with generative adversarial learning
[C]//The World Wide Web Conference. 2019 :3049-3055.

MA J,GAO W. Debunking Rumors on Twitter with Tree Trans-
former[ C] // Proceedings of the 28th International Conference
on Computational Linguistics. 2020:5455-5466.

MONTI F,FRASCA F,EYNARD D,et al. Fake news detection
on social media using geometric deep learning[ J]. arXiv: 1902.
06673,2019.

HAN Y,KARUNASEKERA S,LECKIE C. Graph neural net-
works with continual learning for fake news detection from so-
cial media[J]. arXiv:2007. 03316,2020.

KIPF T N,WELLING M. Semi-supervised classification with
graph convolutional networks[ ] ]. arXiv:1609. 02907.2016.
MATSUMOTO H, YOSHIDA S, MUNEYASU M. Propagation-
based fake news detection using graph neural networks with
transformer[ CJ // 2021 IEEE 10th Global Conference on Con-
sumer Electronics(GCCE). IEEE, 2021 :19-20.

SONG C,SHU K, WU B. Temporally evolving graph neural net-
work for fake news detection [ J]. Information Processing &
Management,2021,58(6) :102712.

SILVA A,HAN Y,LUO L,et al. Propagation2Vec: Embedding
partial propagation networks for explainable fake news early de-
tection [ ] ]. Information Processing &. Management, 2021,

58(5):102618.

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

DOU Y,SHU K,XIA C,et al. User preference-aware fake news
detection[ C] // Proceedings of the 44th International ACM SI-
GIR Conference on Research and Development in Information
Retrieval. 2021:2051-2055.

WEI L.HU D,ZHOU W,et al. Towards Propagation Uncer-
tainty: Edge-enhanced Bayesian Graph Convolutional Networks
for Rumor Detection [ C] // Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and
the 11th International Joint Conference on Natural Language
Processing(Volume 1:Long Papers). 2021:3845-3854.

ZHENG J,ZHANG X,GUO S, et al. MFAN: Multi-modal Fea-
ture-enhanced Attention Networks for Rumor Detection[ C] //
1JCAT,2022.:2413-2419.

BIAN T,XIAO X,XU T,et al. Rumor detection on social media
with bi-directional graph convolutional networks[ C]J // Procee-
dings of the AAAI Conference on Artificial Intelligence. 2020
549-556.

GONG S,SINNOTT R O,QI Jset al. Fake News Detection
Through Temporally Evolving User Interactions[ C] // Pacific-
Asia Cnference on Knowledge Discovery and Data Mining.
Cham: Springer Nature Switzerland,2023:137-148.

YUAN C,MA Q,ZHOU W, et al. Jointly embedding the local
and global relations of heterogeneous graph for rumor detection
[C]//2019 IEEE International Conference on Data Mining (1C-
DM). IEEE,2019:796-805.

WU Y,ZHAN P,ZHANG Y, et al. Multimodal fusion with co-
attention networks for fake news detection[ C]// Findings of the
Association for Computational LinguisticsCACL-IJCNLP 2021).
2021:2560-2569.

SHU K,MAHUDESWARAN D,WANG S.et al. Fakenewsnet:
A data repository with news content, social context,and spatio-
temporal information for studying fake news on social media
[J]. Big Data»2020,8(3):171-188.

YING R, YOU J, MORRIS C, et al. Hierarchical graph repre-
sentation learning with differentiable pooling[ C] // Proceedings
of the 32nd International Conference on Neural Information
Processing Systems. 2018:4805-4815.

VELICKOVIC P,CUCURULL G,CASANOVA A,et al
Graph Attention Networks[ J]. Stat,2018,1050:4.

LIN Yidi, born in 2000, postgraduate.
His main research interests include na-
tural language processing and graph

neural network.

& (
N
. ‘!A
i

LI Bicheng, born in 1970, Ph.D, profes-
sor, Ph.D supervisor. His main research
interests include intelligent information
processing, network ideological securi-

ty, network public opinion monitoring

240200116-8

and guidance,and big data analysis and

mining.



