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Abstract: At present, rumor detection methods on social platforms mainly focus on obtaining information from the
propagation path, most of these methods only use text information as the initial propagation feature, which is difficult to cap-
ture the rich propagation structure representation. In this paper, according to the propagation path of rumors, text and user
credibility features are extracted, and a multi-feature rumor detection model based on propagation tree is constructed. This
model aggregates text propagation features through a graph convolutional network, and uses a multi-head attention module
to mine the intra-layer dependencies of the text propagation tree. At the same time, a credibility sequence is constructed for
each user in the user propagation tree, and the M-Attention module is used to capture effective user credibility features. The
experimental results show that the experimental accuracy of Twitter15, Twitter16 and Weibo datasets reaches 89.3%, 91.7%
and 96.4%, which are 4.8%, 4.2% and 3% higher than the current optimal propagation tree model Bi-GCN (Binary Graph
Convolutional Network) accuracy respectively.
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RFC 0.565 0.810 0.422 0.401 0.543
RvNN 0.723 0.682 0.758 0.821 0.654
PPC 0.842 0.811 0.875 0.818 0.790
Bi-GCN 0.845 0.804 0.853 0.899 0.813
EBGCN 0.848 0.809 0.850 0.908 0.814
GLAN 0.850 0.842 0.857 0.881 0.818
HGAT 0.869 0.862 0.889 0.886 0.838
Rumor2vec | 0.796 0.883 0.746 0.836 0.723
UMLARD | 0.857 0.835 0.786 0.887 0.837
MPT 0.893 0.880 0.908 0.863 0.919
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mor Detection) \MPT) B i 0t FH5 58 OG0 732 .
F3 Twitterlo HIEE FHTIWER

F
x| ACC !
NR FR TR UR
DTC 0.465 0.643 0.393 0.419 0.403
SVM-RBF 0.321 0.423 0.085 0.419 0.037

SVM-TS 0.574 0.755 0.420 0.571 0.526

DTR 0.414 0.394 0.273 0.630 0.344
RFC 0.585 0.752 0.415 0.547 0.563
RvNN 0.737 0.662 0.743 0.835 0.708
PPC 0.863 0.820 0.898 0.843 0.837

Bi-GCN 0.875 0.809 0.880 0.941 0.866
EBGCN 0.847 0.794 0.847 0.896 0.826
GLAN 0.858 0.812 0.857 0.903 0.859
HGAT 0.880 0.854 0.860 0.926 0.879
Rumor2vec 0.852 0.857 0.769 0.927 0.850
UMLARD 0.901 0.822 0.965 0.960 0.855
MPT 0.917 0.892 0.908 0.925 0.946

F4 Weibo HiEE LHKKER
TR FR
Prec | Rec | F, | Prec | Rec | F,
DTC | 0.831 | 0.815 | 0.847 | 0.830 | 0.847 | 0.815 | 0.831
SVM-RBF | 0.818 | 0.815 | 0.824 | 0.819 | 0.822 | 0.812 | 0.817
SVM-TS | 0.857 | 0.878 | 0.830 | 0.857 | 0.839 | 0.885 | 0.861
DTR | 0.732 | 0.726 | 0.749 | 0.737 | 0.738 | 0.715 | 0.726
RFC | 0.849 | 0.947 | 0.739 | 0.830 | 0.786 | 0.959 | 0.864
RvNN | 0.908 | 0.904 | 0.918 | 0.911 | 0.912 | 0.897 | 0.905
PPC | 0.921 | 0.949 | 0.889 | 0.918 | 0.896 | 0.962 | 0.923
Bi-GCN | 0.930 | 0.928 | 0.939 | 0.929 | 0.940 | 0.930 | 0.931
GLAN | 0.932 | 0.925 | 0.943 | 0.934 | 0.924 | 0.932 | 0.928
Rumor2vec | 0.951 | 0.945 | 0.956 | 0.950 | 0.958 | 0.948 | 0.953
UMLARD | 0.928 | 0.942 | 0.965 | 0.924 | 0.913 | 0.899 | 0.901
MPT | 0.964 | 0.942 | 0.991 | 0.966 | 0.990 | 0.937 | 0.962

AH L AR 1 A5 38 B TR Bi-GCON, 7 SCHR M i MPT
PERE T 4F . Bi-GON AU S B T AL v 1 A2 T 15 16
KEFR T 2208 5261 i () A 05 S AL HE | TR B2 4 S
AAF B . MPT W25 8T B SCA Z A P R (]
BHRSE T2 S Z M MR R, MRS T 3 4f
B ARSI A5

X TR AR B AR Y HGAT 1M 55, HGAT 856
T R AR T 22 (8] A IR R 1 2 T e s T AR
SBARSCMFZSE T PR T 2 (B ) Z R LR R, A 4K
PRAN T HGAT AX & T V5l 7y oy BR 1k . i Xo —F 4y g FH P
FEEAY UMLARD BRI 5, A% SCHY B AL B 78 40 Hh 47
TSCARFRIE  WARGE T P AT B RNE S Z A OC R

A SCHR H ) MPT A5 R AE Twitter1 S B4 55 375 T

T ACC

89.3% HUHERM R , 43 WA T HGAT #LAUFT UMLARD A 7Y
2.4% F 3.6% , TE P20 F 3 FCER s T HA T o As
B 78 Twitter 16 5UR 45 |, MPT (UHERI K 5 91.7%, 43
BIET HGAT A8 A1 UMLARD 8 3.7% F11.6% , 75 7§
AN F 5 B0 i T AT LSS 5 78 Weibo £ 4
£ [, MPT WY HERR R M 96.4%, 73 945 T GLAN BRI
UMLARD # # 3.29% F1 3.6%. %i 4 1% H MPT 7 Twit-
terl5 , Twitter16 F1 Weibo 08 5 Y0 T34 ik, A
ZEE s RinLalllE e

R T VEAR A SCRE TR AR SR R) b AT AR BRI
AERCR A I 19 )7 5 (Bi-GCN .EBGCN .GLAN .HGAT) E
X LAY | i SRS R A A IR U — SR REAS AR
28 () S X5 4 BRI [] (LA ms SR BRLASE ) , 75 3] 10 2 56 245 2R 4
FSHR.

WL 5 A] A5, GLAN FIF i #E 09 11 580 I 1) J2: # 20>
Y, X2 PR R GLAN A58 20 e A ol FH T I 8%, 2 i
LRI BOCAERE . BLAR GLAN AR B i e
L2 AR (8 G T SR R ARG . HGAT A T 744
&, B AR BEAS B AR G A I 5 R HUE AR 2 2 RE 1 3
K AW FEO TR R .

F5 EETEREGMEERER

pIEE S e HEHLAS 1) /ms ACC
Bi-GCN 21.170 0.845

EBGCN 24.145 0.848

Twitter]5 GLAN 17.729 0.850
HGAT 24.795 0.869

MPT 23.392 0.893

Bi-GCN 21.748 0.875

EBGCN 34.085 0.847

Twitter]6 GLAN 19.267 0.858
HGAT 27.130 0.880

MPT 24.753 0.917

Bi-GCN 213.542 0.930

Weibo GLAN 154.004 0.932
MPT 237.313 0.964

MPT A5 75 55 A5 Fsf RS T 2 S #4154 X 488 6 Bi-GCN
A EE , 7F Twitter15 . Twitter16 £ Weibo Z0 3 45 I (19 ¥ 21
A 1] ERCAR A 38 N T 2.222 ms . 3.005 ms 1 23.771 ms,
H 2 YA 2R 4 I 25 T 4.8% . 4.2% F1 3.4%. 5K %L
WA B HGAT B8 AT HE |, 76 Twitter15 Fl Twitter16 %¢
PR AYHESRT A8 /0 T 1.403 ms F112.377 ms, fE#G 3R
HNYEINT 2.4% M1 3.7% , Toie TR FEIT A AR I o1 2%
AL T HGAT. 54 fr ) GLAN BEAUAH L, 1
SRFEWTIEAN T, {HAE Twitter15 . Twitter16 F1 Weibo %% #
£ T A VE R4 B T GLAN #2581 4.3% . 5.9% Fil
3.2%. LR MPT 23153 B[] ) T B2 (AR 1)



1616

&

%

E 2024 4

5.5 HEACIE

R T ARG AN AR B o A TR (14 5 ) R St A AR 3
77— RV RIS . EEAIELT 435

(1)w/o TGCN. FEBRFE T SCA B 1L 46 0 /R i e |
HATRA AR . T WA 15 3% i 1 SOAR B 3R A 3R
TN HA —E A R

(2)wlo UG. B BRIET H P ML Fem i e,
FHE AR RRAE A HA — 5 A R

(3)wlo Text. %% k58 R f% J E 47 P 422 A9 SCAR S
I, IR T 5 Ko R 8 %) T B AR

(4) w/o Fusion-Attention. #% [ #5 % 47 9 Fusion-
Attention BB FH T 56 UF 3 T 14 25 HI ML AR fE Bl
B RE TS BRI MR B RRAE R

FH P 3 T RS 25 0T LB Y BB SR L R A
B 25 52 0 A RY 0 R N B8R, 7E TwitterlS | Twitter16 £l
Weibo #0454 L 25 5300 N FE T 1.8% .1.6% F10.9%.
5 1 AL B BB B S, 7E TwitterlS | Twitter16 Fl1
Weibo ¥4 4 I 945 400l FRE T 4.9% 4% F13.9%.
Z:BR CNN SCAR R R B B AE Twitter] 5, Twitter16 Fl1
Weibo B4 I 255 5 R T 2.8% .3.6% F12.8%.
AR R AR T | 45 R FEBHAE Twitter15 . Twitter16
1 Weibo £ #5421 A K6 10 7 5 % 20 5 T % T 0.8%
1.1% F11.9%.

1.000

—w/o TGCN = w/oUG =3 w/o Text [EEEE w/o Fusion-Attention [ alll
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F3 BRI 3mSR T S e 4 )

Db S50 25 SFUE B < FH P A5 4 7R A L SO B 4
PR REME PR ML T AL RR AR AE , PR L 36 2 X T
HARAS R A RCRAT BB RS . RIS SR A T
A RS B BENS IR LI BV AR AE . LA, BT
B IHLE Rl A R RE S — R AR 4
A5 R RRAE )

5.6 RHESKHRUES

FE T 5 R AT 45w, o] JROER s G 0 H 3 5 5 adk
TPPUEECEZR . TR RS AR
[Fi) s [ B3 ) G 000 2550 SR, AR SCHE Twitter 15 T Twitter16 %X
P g BB T SRR AR S R — R AR
AR AT (4 h .8 h 12 h 16 h.20 h) , ¥4k A= ] i ] 5

S A B A AR AR e ARG A SR A5 F A 4 LS
JIT 7 () S 36 2

M T REAS Y & AT E] R 0 h B YR K& A i A
FEAR R B RS AE B, L MPT 7E Twitter]5 Fl Twitter16
B |2y B HUE T 86.3% F1 88% Ay A% I A % , B
SR UM B LA TR AE A5 B AR X IR G SCAS R A
S FE S AR (ol AR AR S AR AT G ARG T
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i PPC . Bi-GCN, MPT i & I ¥4 68 iz i & F DTR
RYNN, % & A 25 DTR Fl RyNN H 2 55T S0 A P 28 4
FEAE, 11 PPC . Bi-GCN H1 MPT 75 44 2 SCAERAE 19 ]
TR T ARG R 045 B, PR A 2 ) A6 0 4 B
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AR H R AL R AR MR PR RS S
AE BB BN PSR RE . e T —Fh T
TR THLHI R RRAE @5 73, il SCAR AL 3G FRAE R
FUGREFRE AT I8 5 K0 . 7 BB T SE B 45
SRR ARG B T R RE A2 4 0 S R I R T
URIZ U, A ok At 22 iR P i S5 B . fEARK
H B 5T R 45 sl A B 7 1k (A0 Transformer , Bert) ,
F B AT RN B 3R SCAR s SUE B
— AR B A AR T TR LE AL
5% ik
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