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Figure 2 Construction method diagram of propagation
graph in social media scenario

3.1.2 AAEE T B4R AR

AT Y LB AR 4% P A B REAE X
ORI AT — 5 B A B AR A IE 26 B A AE
MO EE—E R LR TP R A
SR J7 9 P e SR HE XL AT B R AR AR L
P 26 v B A4 PRI, AR SCAR R T A A AR R R
Fe 2 I PR R 208 Xt e e F P I 18 AN AR E AT
it , B AR T 8 A HBA U B B R AE 2 S A
R GAUEZE R 3 285 8 (P R A SR8
Wy 22280 A R R T R (B S B A R B
EOCROWNE PN

7 B P A B R 28 0 255 1) I Rk R A 405 1)
AT L 8 AR PR AT UL A T, e RS
TRAAENE 6 A P RREA S F ok 1 i
7R o Yang %R S R LA BT vk R A i
A RE AR AR U T P S A A A A T 3 S P
A—EREEN . B, MR AR 5 A Z A [
FrfE 2 & 3304 T B IR ISR o BE X AN TR 2 2R
A8 FH P AR A ASCRSCHE T4 B DA TIE 25 B A 2 D1 28 LK
B BB , SR one-hot 4 it 19 I 2 3 58 X i
S BUE AR AE EAT min-max B 7fE 1L 38 X & &
A NG 19 A1 2R 28 BB A (A SR8 R4S
H A 1 P P R A Y R R RRE R A
3.1.3 MR GHFERE

oy A e A% R P DL S e R AP R IR 2 05, 0 T e
TR A% 4% P o ) £ 9 20 A £ 8, (o A% 4 PR v 1 25
T RE T SR A R DL AT L A R AR R
BT B R4,

GCN il i A A8 1 A5 A5 6 of BT 32 1Y A 114 e

®1 BAPHEAS

Table 1 User characteristic combination
T FRfE 4
F, T BRBE 4 22 8K
2 EFIREH PN 54

PER AR ZE A
P C MNP
6 PO L

A8 AR IR X < R™ S5 IEHEF 4, <
R™, % GON BURA 2, 2% A4 T 2 0488 1
SURFIE, 5 M7 GON v £ - W 52 9 4 1 6 1
X[+l y‘j

IS w

o

Y N M N Yy

X" = ReLU(A X'W') . (2)
K X7 e R™™ O B BUE AR 5 B9 45 AE 48 BE
ReLU( ) NI RE; W e R Rl S50
o [ 5 B AR I 2 B A A X 48 8 T 16 48 1 17 B
PEATARE AL S5 A 4812 40

A=b (A+D)D :. (3)

Koef. D R ARG R S RE ;s D, =D A .
GCN 7EHTHT A B 735 Ui, 3l % < WS A % 4%,
B REAE A0 RRAE 45 4 b R T T A
X =D AX + X, (4)

jenN

ks 2 EERERAE R S B R E A X0,
Bij 1k 3k 405 i /N 2 B B i RS, 78 BB B E 2
JE A — B Z o SRS B ARAE 9] f R 7R

X, = average_pooling(X°) (5)

3.2 EXAFERIEER

NS S R S a I S S R Sy AR R
K380 A U SCAE ERE 8 5 i v 5 A I A 1 RE
H1 7> BERT BEXUIa] 4 B is S5 B NI A5 3 35 58 43 |
S BRRE  RRAE AR ORI I 25 BERT AL ofe 2
A ESCA Y TR S E R
3.2.1 HEHANE

Ik BERT (9% AJLAL 3 3 M AJZ, 7304l
i # A JZ (token embeddings) . 5] F #x A JZ ( seg-
ment embeddings ) Fl i # #& A JZ ( position embed-
dings) . KN n B G I SCA 2208 4336 )5 15 3
W= {[ CLS], token,, token,, ---, token, |, H
[ CLS) /R AT A 224325 1) token bp ik , token, R
WSS @ AN, K WA 3 A AZ a3l A 2
AW, ORI W RIS E W
W =F BTSSR E W =W, W, W,



74 LN s | S QU )

2024 4

e W L R, o WALl SRR
W=W .+ W o Wi (6)
3.2.2 %A
i J2 0 AT 55 2 B 1 i )2 B 40 S Y T i G B
BCEA FE R R SO SUE B R A, AN 1
FIi7 , BERT 1% N 5 45 #4) ffi FH 2] Transformer f19 4 5%
#% (encoder) #4318 17 4 A% 2% 10 £ 3k v & S ML,
A3 EEAS token W2 S KIE (Trm, ) Z [ ¥4 — 4 4H
HORTER I, AT DLSE B AN [6] BE 5 Y R 1 22 (R B
[ 45 i G EFR B, BERT WAL ERMES T 6 M 4H
[F] 45 44 1Y) G Bt s, DA B b 2 ) g A SO Y | S
HXAER ., Hrp 2 kBB RR R
MultiHead(Q,K,V) = Concat(head, ,head, ,--- ,head,)w;
(7)
head. = Attention( Q' ,Kw! ,Vw!) , (8)
Kb on A2 KT L kL 5 s head, 5§ 3k
M s Q KV HR A SRR AE B 5 M AR 4 1T 15 0
o' @ TR G EIN Q K.V IS EERE
T JF B A 2 bRic [ CLS ] 2% 2 B By R AE 1] 2 B A
AT 2 W 4 2 A5 B SO LRI S
3.3 TRk
A SCR ] 2 FRAE A IR & Rl& 7 vk R AT 1 T
W 3 s, iR A W2 B R, B e
P A5 BRI 26 o T 2 4 3 4 )2 A5 38 o5 A R AIE )
R 2 R 6 AL T AR 4 i i A E) 6 1 GON
il i, A5 2 6 21 A% 5 KIRHIE 1) 4

nt

XA: Concate(XNGI,XNG ’i(,‘ 7X(,' 7XG 9X~G ) o (9)

2 3 4 5 6

concatenate

BAEGR
B3 sHEREHMEHEHE
Figure 3 Multi-feature hybrid fusion method

x2 AABEERITER
Table 2 Expose dataset statistics

it e %S wE
TSR 2291 2229
1 3% W R 2 291 2229
e W R 1711 420 2 086 693
B 25 T S 9 F- 34 - 4 747 936

PR 6 TR R A 1] R i SCOAS AT o) £ 4

C=C0ncate(XA',S) o (10)
SRR AR I [ R Ry Oy R AT 55, ik T iR
ZFHERN G R IR A i A 2 E D softmax T
I SCR TR 2K S R,
y = softmax(W_ +b,), (11)
A w, Hl b, Bk IR AT 2% 2] 1 2 4, BEAY
i 3 e /N A SRR A % bR EIOR [ IR L S AR 4 5 T
PR Z 8] B 4 R 1R 22

k-1
L(0) == ylog 7, (12)
i=0

Kbk R 0 WA 2 8y, € 10,
PSRN aEc3 -

4 KI§
4.1 HIE&E

ARSCHE 2 AN B XA AT T SR,
J6  7E 2016 4F Ma %5 A TR RO RO SO 45 B T
$2£H Y GCNs-BERT LB ()45 2Pk, MIRIE £ 5
R R AIE 2 15 3 =5 R A P e, o DR T A R RN T 30
(4 1S, BB A v A T SRR e, DL R
PER Wy 28055 @ Pk B S E Rk 2 s,
7 JE BN TR B 1 I 80Pk T) B SRy T e T AR A A
B S R Iz A RE T AR SO SBORT TR T
V-5 5580k 5 18 A OC 19 SO B e |, AR O 2 T Bidie
B 20 G BUBT Y 55 99 B4 2 SR AL GCNs-BERT #5 #Y
Mz ARE T . BB SR VIR A1 1 000 5 A JF
Bl 5 b ny i S AR S 8BS, LA A 400 5507
185 1 5 AR 8 5 B0 I A A 1 200 A% R 18
S AR S AU
4.2 GCNs-BERT #E 418
4.2.1 A HEKE

BGAE S ok B S R M 2R SN S 2,
JZ Y RO 1) AR d ¥R 256, B0 d, =d, =
dy=d,=d; =256, N T Bj 1kl #0045, B & 2 00 Bl
WLA I Dropout=0. 5, Y Zrid F2 W Batch_Size K/NN
128, K M Adam B ¥E AL B A, 2 5] K E
0. 005, L AR R Bk B 500 I B R 45
4.2.2 A& FiE

TE OIS T ML 27 2T (9 1 75 e ok R 1 R
2 B S R O A AR D B T B 5 AR U GC-
Ns-BERT # 47X} Lt

(1)DTC™ 3 F N T8 A 48 3 45 AiF # 2t ke
SRS 3 AR B 15 B RIS B

(2)SVMT AT Hofh BE 4R 1D T 3 T AL 4R 45 4 |
FER% Bof 6] AL 48 FH P B0 11 AN 4R E, R H S Wu



54 #

KB, A AR T IR A TR 4% 19 2 R AR RS I S R O i 75

SV T B RRIEAR S G 6 TR A % R A SVM
Sy AR MR T M S AR SC H Al BEF RBF 1Y)
SVM 732 s K D 32 75

(3)LSTM ™). 3& 4 111012 99 26 i 3 4k
G54k EBAR G G 00 A% B 450 1 2h R AR Aok
R 5

(4)BERT: A 3C F FH Devlin 452 2 4 1) BERT
P ZRABEAY | T A Pl i e S0 2 S B SO kAT
=

(5)Bi-GCN"™ i F R SCAS 5 47% &5 Fg 0 4% 1% SC
A% R R Ta) ] 4 N 286 DR A T 3 75

(6) GCNs ; A< SCHE T 1 235 ¥4 R A% 5 FH P vy A%
IR AR 6 4L PR IE 4 S HE 6 4 GON R4 L)
AR5 (AL RR 45 ARG B P R A 3% 55
4.2.3 R 54

R R RSO0 A MR R R 50 UE A
R F R PR RE . 38 3 JB/R T4 FREUHE g v AR
SCHE R R GCNs-BERT LA K i A R 28 )5 1 1) 5
LErE O

3 EERNULKER

Table 3 Rumor detection experiment results

Tiik O MERRR ORI FEE Rl

1 0. 834 0.955  0.890

DTC 0. 885
0 0. 949 0.817  0.878
1 0.901 0.923  0.912

SVM 0.913
0 0.924 0.902 0.913
1 0. 963 0.898  0.920

LSTM 0.928
0 0. 893 0.962  0.926
1 0.935 0.940  0.938

BERT 0.938
0 0.942 0.936  0.939
1 0.944 0.949  0.943

Bi-GCN 0. 946
0 0.950 0.940  0.942
1 0.940 0.952  0.946

GCNs 0.947
0 0.953 0.941 0.947
1 0. 964 0.945  0.955

GCNs-BERT 0. 956
0 0. 949 0.966  0.957

R 3 R R B 2 ) A R R L
ML#S 2% > B i, AR SCH) GCNs-BERT 5 DTC M L,
HERRIE S 7 7.1 A4, 5 SVM M LbiEm 1 4.3
B JRFURPLER % 2K T F T AR BURRAE i
TR BE 2 2] R 8 1 30 4l 35 3 T8 VR J2 IR I AR 41E L SCRP AT
Z A B A Bl T AR v R A T RE

GCNs-BERT B AR AL T LSTM, #fE #ff 2% 42 7t
T 2.8 EHAY A, VLA EAR LSTM BEUE i HE 1L 38 N 25 |
148 F P FAL B S5 A FE B A G R B rp i — 26 3 25
A AE AT BB 23 7E B ] 3 91 Hh % G — S B K 1) % 7

T S B A B TN 5 SR B B AL R R AL
et T 11 235 ) >R 27 27 B8 A 4 b 72 v ) 255 R IR R 4G
W 5 A R

GCNs-BERT # 5 [, BERT H &I i oy AL T+ T
1.8 A 43 A, U L 45 B 45 5 10 e 4 A 80 2T %]
5 AR S TE AL B G540 AL R P R AR b 22
S, RS — 2D B TH I T R Y E A

AR Bi-GCN it T X Jw] (14 1l 4 BRI 288 X6 A%
SERGHEAT TR W] B 1 R A R AR A 5T SRR AR
Feik A HZ W T AL RE R AL R S R
AR SO RS T i AL 35 P RRAE AR S A5 8 R 0 T A
fiE, 2 2 1% 5 e AL 7 o B2 v A2 55 ] B S2 e A
5 Bi-GCN AR TF T 1.0 & 40 A5, Ul WAL & I
FEOE XT38 5 R AT 55 A B4 09 3 B BOR o

GCNs-BERT #5784 {4 & I 4 i % [k GCNs $2& F+
T 0.9 [A3 A, JE A & GCNs oA I A £ i i Se A
fiE, LI R SCA & o BB RF L, 5850 F
FA R SCAS ) 28 FR R BB AT 508 THAE AU ) 1 R
4.3 GCNs-BERT #REZBE /LI

TEHT R B Hl 2 vh #E 4T GCNs-BERT A4 32
LR L m KSR E S % 4.2.1 1, H T X
GBS B B R A (4 52 % B B S GCN
) e G 1) 2 A 3 B M 128, BROR 2 Bk o 3, IR AE
DTC .SVM .BERT .GCNs  GCNs-BERT # %I |- #F 175K
B Z5 Rk 4 iR

*4 FEEBESRANBER
Table 4 Experimental results of COVID-19

rumor identification

Tk FEHl MERE FEME O ABE ORI
1 0. 823 0.892  0.880
DTC 0. 871
0 0. 882 0.797  0.861
1 0.874 0. 883 0. 895
SVM 0. 896
0 0. 898 0.869  0.905
1 0. 885 0.930  0.907
BERT 0. 905
0 0.926 0.880  0.902
1 0. 796 0.980  0.878
GCNs 0. 865
0 0.974 0.750  0.847
1 0.912 0.940  0.926
GCNs-BERT 0. 925
0 0.938 0.910  0.923

M3 IR 4 p BN, L4 HEERBIKTES
fh 2 R HL a2 DR 3 e 2 19 Bl A2 B TR TR
3 45 1 5 SO A% 36 B sz B, S e TR R TR Y
L, GCNs-BERT 5 DTC ML, #Ef R4 5 T 5.4
AR, SVM AL T 2.9 H4r 4, 5 BERT
BERUAH LL 4R o T 2 | 40 s, 45 R % W] GCNs-BERT
ZACHE Ty 5, 75T 0 B AR L ATE SR R AR A AT 1Y i
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Table 5 Comparison of characteristic analysis results

FRAE K EFIER O KEME gRE Rl

GCN (¥ H 1 0. 887 0. 888 0.880 0.884
fERR S5 ) 0 ' 0. 885 0.893 0.889
GCN(8/H 1 0,934 0.920 0.948  0.933
FURRIEDRE) 0 ’ 0.948 0.920 0.934
1 0. 940 0.952  0.946

GCNs 0. 947

0 0.953 0.941  0.947

M5 Hal LLE tH GCNs H A 4% 55 45 1 1)
GCN 71T 6 7 73 i B i 5, Ul W AT 16 #4514
ANRE FE 53 M2 T B 18] B9 5% R RRAE A A% 56 T
PURFAE i E I AR v 9 R A ER R HLR GC-
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1.3 1 73 i B HE B R UL RS P R AR 4 & e R
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BERT & #Y , 4% 4 H] P AR AE 45 2R %5 Fe k& 6 Frow
R (-) RoRELE T ER S ATRAE 4L Z A 5 2 A%
P RFAE
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Table 6 Comparison of propagation user

characteristics results

FRAE OO HERE O OKBE gRER F1

1 0. 960 0. 946 0.953
(-)F, 0.954

0 0. 949 0.962 0.955

1 0.963 0. 944 0.954
(-)F, 0.955

0 0. 947 0. 965 0.956

1 0. 962 0.945 0.953
(-)F, 0.955

0 0.948 0. 964 0.956

1 0. 964 0. 944 0.954
(-)F, 0.955

0 0.947 0.962 0.955

1 0. 960 0.945 0.952
(-)F, 0.954

0 0. 947 0.962 0.955

1 0. 960 0.941 0.950
(=)F, 0.952

0 0. 944 0.961 0.953
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Figure 4 Effect of the number of GCN layers on

model performance

ATRLE 250k 5 2 B, GCNs-BERT 5 !
IR R I W E RN B =R (E N T M R
PERE S JR AN, A2 BRI, B B 4
SREZ RO R T B

5 #Hit

ARSCHTTE T 3 FIESCA N 2 A% 16 4540 AL 1%
FH P A RS 3 5 R AE 55, 4 L Tk T IR AR
251 22 AR Bl 45 B9 38 5 KL I A B GCNs-BERT, %
SRR R TSR i D DA S R 1y L = i |
V] o BRI 208 o 2 > A% 48 P FA SR 45 h iy R 0, 1l
A1 BERT #7522 JEOSCA N A 1 Rk, fieJa b AT 2
AR B 5 R A 0 S L A L T HLER A T B R T
U AR SO R RS B 4 3~ >) SCAS B B R SCRE R
L AG AR EE MR AL 3 A HE T 3R M 2 W 2% B2 7 1, AR



54 #

KB, A AR T IR A TR 4% 19 2 R AR RS I S R O i 77

SCHE AL RE RS 27 ) A% 4 o AR 00 ARG AE A L T RS
TR £ 1 HE 28 J5 v | AR SCASE Y 78 43 R FE T A5 5% L P
MRFIEAL A . [FIE, A T 563F GCNs-BERT #5212
PR 1, 7537 568 2 1 B0 46 b BEAT S 36 A5 31 T A4
3% 5 R BCR b AR SR ST T H P R E AL &
(R R S, S0 T A% 4 P P 1 31 R e 2
FRIEZH A X 3 5 A I 5 0 O B B A0SR . AR SC T
AR S K AL GCNs-BERT R {F Hifh & 1 5 SCA
FRAIE A1 2500 R A0 ML R P RRAE  3RAF T 3847 1Y)
T R ROR | E— BB T T R PERE
FEAN 1) TAE 2230 LA W3 7 1w ) T4 . 2%
TR A T R SO 7 1 PR AR Al A R BRUEL R A
B 5 RESCN G B2 2 B AR L
AT B LV A 0RO — P 4R T R R
& R RE 5 HEAT AL R P sE ) A B, OR X P
SN Ty AR 2 O] AL R P R 1 Gk iE— AP R
FHA% 1 FH 7 R A0 1 3] 7 Sfe 4 b i B 0000 9

SR

(1] EEBMEE SO 5 52 WP E E BN 4 & AR
WMEEHRAEY[R/0OL]. (2023-08-23) [ 2023-09-01]. ht-
tps : //www. cnnic. net. cn/nd/2023/0828/¢88-10829. html.
China Internet Network Information Center. The 52nd
China statistical report on internet development[ R/OL].
(2023-08-23) [2023-09-01]. hitps; /www. cnnic.
net. cn/n4/2023/0828/¢88-10829. html.

(2] BIRHE, BEHEF, BT, 5. BT BERT 511

IRAMWAEMENETRMLT]. RN S R,
2021, 38(3): 147-152, 189.
LIANG Z J, DAN Z P, LUO Y C, et al. Rumor detec-
tion of improved hybrid neural network based on BERT
model[ J]. Computer Applications and Software, 2021,
38(3)147-152, 189.

[3] LIJW, NIS W, KAO H Y. Meet the truth; leverage
objective facts and subjective views for interpretable rumor
detection[ EB/OL]. (2021-07-21) [2023-09-01].
https ; /arxiv. org/abs/2107. 10747.

[4] MAJ, GAO W, MITRA P, et al. Detecting rumors from
microblogs with recurrent neural networks[ C ] //Twenty-
Fifth International Joint Conference on Artificial Intelli-
gence. New York; IJCAI, 2016. 3818-3824.

[5] MA]J, GAO W, WONG K F. Rumor detection on twitter
with tree-structured recursive neural networks[ C] //Pro-
ceedings of the 56th Annual Meeting of the Association for
Computational Linguistics. Stroudsburg : ACL,2018 :1980-1989.

[6] WA}, DXREF, Mk, & —METZXRALHENN
WEBW R[], ALY S kR, 2021, 58

[7]

(8]

[10]

(12]

[13]

[14]

[15]

(7). 1395-1411.

HU D, WEI L W, ZHOU W, et al. A rumor detection
approach based on multi-relational propagation tree[J].
Journal of Computer Research and Development, 2021,
58(7): 1395-1411.

BIAN T, XIAO X, XU T Y, et al. Rumor detection on
social media with bi-directional graph convolutional net-
works[ J]. Proceedings of the AAAT Conference on Artifi-
cial Intelligence, 2020, 34( 1) 549-556.

BIEAS, EH, ETA. mG RGBT R A 2 [
KR E BT[], AL 5 R, 2021, 58
(7). 1412-1424.

YANG Y J, WANG L, WANG Y H. Rumor detection
based on source information and gating graph neural net-
work [ J].
ment, 2021, 58(7) . 1412-1424.

BAI N, MENG F R, RUI X B, et al. Rumour detection

Journal of Computer Research and Develop-

based on graph convolutional neural net[ J]. IEEE Ac-
cess, 2021, 9. 21686-21693.

W, R, SREIE, SF. 7Rk Ak 3 W 4% BE AR R
TREBS AT )] TR AL R, 2021, 44(6)
1064-1079.

MENG Q, LIU B, ZHANG H Y, et al. Multi-relational
group influence modeling and analysis in online social
networks[ J]. Chinese Journal of Computers, 2021, 44
(6): 1064-1079.

SRR, R, WOHRA. TR I ML AW BERT
A RSO SR []. BRERGE R, 2022, 17
(6): 1220-1227.

ZHANG M Q, ZHOU H, CAO J G. Dual BERT directed
sentiment text classification based on attention mechanism
[J]. CAAI Transactions on Intelligent Systems, 2022,
17(6): 1220-1227.

MA J, GAO W, WEI Z Y, et al. Detect rumors using
time series of social context information on microblogging
websites[ C]//Proceedings of the 24th ACM International
on Conference on Information and Knowledge Manage-
ment. New York: ACM, 2015 1751-1754.

LIUY H, JIN X L, SHEN H W, et al. Do rumors dif-
fuse differently from non-rumors? a systematically empiri-
cal analysis in Sina Weibo for rumor identification [ J].
Advances in Knowledge Discovery and Data Mining,
2017, 10234, 407-420.

WU K, YANG S, ZHU K Q. False rumors detection on
Sina Weibo by propagation structures [ C] //2015 IEEE
31st International Conference on Data Engineering. Pisca-
taway: IEEE, 2015, 651-662.

WANG Y H, WANG L, YANG Y J, et al. SemSeq4FD .

integrating global semantic relationship and local sequen-



78

MK 2 Al (0

) 2024 4E

[17]

[18]

[19]

[20]

tial order to enhance text representation for fake news de-
tection [ J ].

166: 114090.
MA J, GAO W, WONG K F. Detect rumors on Twitter

Expert Systems with Applications, 2021,

by promoting information campaigns with generative ad-
versarial learning[ C]/WWW '19; The World Wide Web
Conference. New York; ACM, 2019. 3049-3055.
SHARMA K, QIAN F, JIANG H, et al. Combating fake
news: a survey on identification and mitigation techniques
[J]. ACM Transactions on Intelligent Systems and Tech-
nology, 10(3) . 1-42.

PHAN H T, NGUYEN N T, HWANG D. Fake news de-
tection; a survey of graph neural network methods[ J].
Applied Soft Computing, 2023, 139.: 110235.

SONG C G, SHU K, WU B. Temporally evolving graph
neural network for fake news detection[ J]. Information
Processing & Management, 2021, 58(6): 102712.
CASTILLO C, MENDOZA M, POBLETE B.
credibility on Twitter [ C ] //International World Wide Web
Conference Committee (IW3C2). New York: ACM, 2011;
1-10.

LUY J, LI C T. GCAN; graph-aware co-attention net-

Information

works for explainable fake news detection on social media

[22]

[23]

[24]

[25]

arxiv. org/abs/2004. 11648.

XUFERE, /e, e, 8. tL3C R b A% = U
WEELRIR[T]. THFIHLAEA, 2018, 41(7): 1536-1558.
LIU Y H, JIN X L, SHEN H W, et al. A survey on ru-
mor identification over social media[ J]. Chinese Journal
of Computers, 2018, 41(7) . 1536-1558.

YANG J, COUNTS S, MORRIS M R, et al. Microblog
credibility perceptions: comparing the USA and China
[ C] //Proceedings of the 2013 conference on Computer
Supported Cooperative Work. New York: ACM, 2013;
575-586.

GONG S Z, SINNOTT R O, QI J Z, et al. Fake news
detection through graph-based neural networks: a survey
[EB/OL]. (2023-07-24)[2023-09-01]. hups:/
arxiv. org/abs/2307. 12639.

LIU Y H, JIN X L, SHEN H W. Towards early identifi-
cation of online rumors based on long short-term memory
networks [ J |. Information Processing & Management,
2019, 56(4) ; 1457-1467.

DEVLIN J, CHANG M W, LEE K, et al. BERT: pre-
training of deep bidirectional transformers for language
understanding[ EB/OL]. (2019-05-24) [ 2023-09 -
01]. https . //arxiv. org/abs/1810. 04805.

[EB/OL]. (2020-04-24)[2023-09-01]. https: /

Multi-feature Fusion Rumor Detection Method Based on Graph Convolutional Network

GUAN Changshan, BING Wanlong, LIU Yahui, GU Pengfei, MA Hongliang

(School of Information Science and Technology, Shihezi University, Shihezi 832003, China)

Abstract.; At present, most rumor detection work mainly based on the original text content, communication struc-
ture and communication text content of Twitter or Weibo. However, these methods ignored the effective integration
of original text features with other features, as well as the role of propagating users in the process of rumor propaga-
tion. Aiming at the shortcomings of the existing work, a multi-feature fusion model GCNs-BERT based on graph
convolutional network was proposed, which combined the features of the original text, the propagating user and the
propagating structure. Firstly, a propagation graph was constructed based on the propagation structure and the prop-
agation users, and the combination of multiple user attributes was used as the propagation node feature. Then, mul-
tiple graph convolutional networks were used to learn the representation of the propagation graph with different user
attribute combinations, and BERT model was used to learn the feature representation of the original text content.
Finally, the fusion with the features learned by the graph convolutional network was used to detect rumors. A large
number of experiments using publicly available Weibo data sets showed that the GCNs-BERT model was significant-
ly better than the baseline method. In addition, the generalization ability experiment of GCNs-BERT model was
conducted on the novel coronavirus epidemic data set. The training sample size of this data set was only 1/5 of that
of the public Weibo data set, and the accuracy rate was still 92. 5% , which proved that the model had good gener-
alization ability.

Keywords: rumor detection; graph convolutional network ; propagation graph; propagation user; feature fusion



