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OUYANG Qi, CHEN Hong-chang, LIU Shu-xin, WANG Kai, LI Xing
(Strategic Support Force Information Engineering University , Zhengzhou, Henan 450001, China)

Abstract: The widespread spread of network rumors has caused great harm to the society, so the task of early rumor
detection has become an important research focus. The majority of existing methods for rumor detection focus on mining
effective features from text contents, user profiles, and patterns of propagation, but these methods do not take full advantage
of both global semantic relationship of text and local context semantic relationship. In order to overcome the above limita-
tions and make full use of the text global-local context semantic relationship, text semantic content feature and the structural
feature of tweet propagation in the rumor data, this paper puts forward a kind of early rumors detection algorithm based on
Bert-GNNs heterogeneous graph attention network (BGHGAN). This method constructs a tweet-word-user heterogeneous
graph according to historical rumor sets and user characteristics, using the method of combining Bert and GCN (Graph Con-
volutional Network) for feature learning to mine the relationship between the text semantic features and the text of rumors.
And by decomposing the heterogeneous graph into tweet-word subgraph and tweet-user subgraph, the method uses GAT
(Graph Attention network) to perform feature learning respectively, so as to make full use of the global-local context seman-
tic relationship of the text and the global structure relationship of the propagation graph to strengthen the feature expres-
sion. Finally, the learning integration of different modules is carried out through the subgraph-level attention mechanism

for final rumor detection. The proposed algorithm is experimented on real Twitterl5 and Twitter16 data, and verifies that
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the detection accuracy of the algorithm is 91.4% and 91.9%, respectively, which is 1% and 1.4% higher than the existing

best model, and also has the ability to detect rumors in the early stage. And this paper discusses the importance of different

features to rumor detection and the importance of the quality of heterogeneous graph construction.
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structure relationship between the text; local contextual semantic relation
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9 0.000 5.8 T B 1k LA, 15 B E 55 % (dropout) i
0.5. J TRFFE R MR RCR , B 2 LR LB K
18, R T T NS B S50, IR (epochs ) B
R 100, — R YN 25 JIr 12 #F A< 5 (batch size) 24 64, B4~
Batch AL 55 #E SCHE | P45 K4 FIERAIE 1)

TE 5256 5080 7 1T, A SCREAILE B 10% )56 S 4
SHIEAE | oA B IR 31 1B B 23 S 1 A
R4
5.3 iFMrigtR

ﬁi%)ﬂ?ﬁﬁﬁ%(Accuraey) S56% (Precision) . &
[l 52 (Recall) LA J¢ F {E (F\-score) {F iy 155U (Y DF- 45
b, HARTFR AT

TP+TN

Aceuracy = o N PP+ FN (22)
Precision = % (23)
Recall = % (24)

F | -score= ﬁ (25)

Hidpr [ TP, TN, FP, FN 4351 3 7~ B 1 (%5 B0 67 5 5 (i
IE BB AR . thF IR —AN 22 m i, iir LR
b LER T, 4 38X 3R % 7 (NR) &% 7 (FR)  ELE
5 (TR) KL RES (UR)4ZEUEFT FAERYTTE.
5.4 EEEER

HF A SC Y A TR R — B L 2R DR R AR R o A7
XTEE

(1)DTRM™ ; J T e S A Ao A5 80 | 5 3 1F ) 6 38 =X
XoF IAHESC R R IO B B A T HE T R P UINE

(2)SVM-TS . i il iisf [1] J 871 v N TR 23 79
TEAZ AR Lt S 4 1] i AL A 25 %

(3) BU-RVNN Fll TD-RyNN'""2) . 3t T~ 1£ 3% Wt 1k 77 %)
120 U o 28 D) 4% X 1 7 AR RE S M EA T A AN 22 T,
A Bottom-Up ( BN ) #& 7 1 Top-Down (TD ) = 71 | 5 2% L)
A7 KRB ZE A AT

(4)Bi-GCN*) . — > [a] i b B 75 (L HE R BE FIT 32
AR S5 R B T v, Nt 5 A T ) T (top-down) A1 JEE )
- (bottom-up ) (A4 77 1] - & 3 PN HFALE

(5)PPC_RNN+CNN"!, —/ 254 RNN HI CNN Aoy
R [B] P 51 43 28 4 A HE F P R AR A AS 3G AR Y
G SRR JR IR AR Ak, DA I {8

(6) GLAN - 48 77— 280 14y 4 Jg - o 38 1 2 I
2% W R IR TE UAE BN A R A S RIS S, T TR
= R

(7)EBGCN"™' 45 H 1 —Ffvr i) 121 S5 358k 0L - 34 ]
B B 45 S0 il 7 T 2L 10 25 R RRAE , SR DL 38
2 F A N b T SR AR OC R G AT EE A, LA i 1
e .

(8)RDGCN ) X 1% 75 Y X WAL AL 3R AL kA7 T
RS, 3 T — BT A DX S i % B 1 A R R 8%, 3 ok
2 3] IX A A5 478 B O 14 5 2 5 AL B R, O
To B 2 2T AN Gt 5 A A 24 T

(9) FedGON"™ 1 15 24 2 35 5 5 0L 1) PR 7 7 I
26V R A R AR 285, )RR ) BB S 2 2T 1 £ B
T G0 5 R, SRUE #1538 S 85 B 24
P, I F AR DU B 14
5.5 1EEGTIEE IR

W 2 F13% 3 R OB 2 m i R4 5 ), A8 3
77 1 7E Twitter15 Fl Twitter16 P58 421 45 ) 1 0]
REREE T WA Hoph JE B | AR SCHR %) TR TR
R S A R A R T 91.4% F191.9% , B¢
A ARy SR T 1% 1 1.4%. X2 T A
SEMERE A DL | TR Dy L5 o3 R FH SCAR 4 SR - SR 1
S LR SUA T U A REAE R SCAE R 1) 42 )R
GEROCFR NI T R AT 5 B I G

R JF 2% 3 J7 % (W BU-RYNN, TD-RvNN, PPC,
GLAN) #B L3 T Go bl = 21 B 7 64 B I i PR RE
U B R 3 2 2] 5 1 45 B AR G 75 1RO A FE 1
TIE T3 5 Az

LN IR & B, AL G HLAR F 2 07 ik (an
DTR, SVM-TS) ()%} L FEZE R UAAE , TH A S FAE G
A2 2 B 77 VR ME LA 8 B0 S A DR B AR AR . A X S I
2k, SVM-TS Eb DTR 47, 3X F 2202 K SVM-TS AH
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AT HAL AR T AR A s ) AR

W JF 2% 3 7 ¥ (0 BU-RVNN, TD-RvNN, PPC_
RNN+CNN, Bi-GCN, GLAN, FedGCN, RDGCN (6-lay-
ers) , EBGCN) #f Lt & TAL Ge bl a5 > 1 7 A7 41
PERE , 3% 3 B R 24 ) J5 vk B 28 5 918 R B R AE
Tl R, JF Hoiz ) & Rl 28 9 2% i 5 3 (AN Bi-
GCN, GLAN, FedGCN, RDGCN (6-layers) , EBGCN) % [,
7 FH 1 A28 I 2% 19 J7 % (41 BU-RVNN, TD-RvNN,
PPC_RNN+CNN) 5 A5 %4, K hy [E] bt 25 (9 45 B8 BE 4l 9 125
T Z IO FR VLR 5 LR A5 R I RRAE

2 Twitter SHIEBEESTRNER

. e NR FR TR UR

Tk e R p | R | RgE | R

DTR 0.409 0.501 0.311 0.364 0.473
SVM-TS 0.544 0.796 0.472 0.404 0.483
BU-RvNN 0.708 0.695 0.728 0.759 0.653
TD-RvNN 0.723 0.682 0.758 0.821 0.654
Bi-GCN 0.866 | 0.892 | 0.896 | 0921 | 0.861
PPC_RNN+CNN | 0.842 | 0811 | 0.875 | 0790 | 0.818
GLAN 0.904 | 0924 | 0917 | 0852 | 0.927
FedGCN 0.841 | 0.809 | 0.850 | 0.815 | 0.809
RDGCN(6-layers) | 0.856 | 0.807 | 0.876 | 0.910 | 0.816
EBGCN 0.892 | 0.869 | 0.897 | 0.934 | 0.867
HGBGAN 0914 | 0928 | 0907 | 0935 | 0.885

F3 Twitterl 6 IFEEZE SN LR

. | NR FR TR | UR
Tk HIHTHES P | R | R | R

DTR 0414 | 0394 | 0.630 | 0344 | 0473
SVM-TS 0.544 | 0796 | 0472 | 0404 | 0.483
BU-RvNN 0.718 | 0.723 | 0.712 | 0.779 | 0.659
TD-RvNN 0.737 | 0.662 | 0.743 | 0.835 | 0.708
Bi-GCN 0.876 | 0.847 | 0.862 | 0.931 | 0.862
PPC_RNN+CNN | 0.863 | 0.820 | 0.898 | 0.837 | 0.843
GLAN 0902 | 0921 | 0.869 | 0.847 | 0.968
FedGCN 0.891 | 0.799 | 0.876 | 0.959 | 0.885
RDGCN(6-layers) | 0.878 | 0.810 | 0.881 | 0.945 | 0.879
EBGCN 0905 | 0.879 | 0.906 | 0.967 | 0.910
HGBGAN 0919 | 0868 | 0936 | 0948 | 0915

5.6 EHIESFKNEEHITM

AT SRR, e L 5 A T ARG 5 2 T s g 114 0
RN, T LA SR & B S S A .
TSR SR I ) i AR AR S A s i R S R
SC ARG T e 3k (R s [ 1 FH P 3 e BOR BEAULR 5 15 4%
B [T S 39, 80K I 0 AN [ s 30 A 328 5 G T o ff >R ok
TEA PR RE .

R T SRR AR ST v R R RE Sy, A

Bz % 5 PPC_RNN+CNN, TD-RvNN, BiGCN, GLAN,
EBGCN X 5 AN Fe i L4 it A7 1 g, 28003k s 52 56
25BN 3 FE 4 s .

0.91

0 6 12 18 24 30 36
I [8] /h

(a) Twitter15 KHa 4R L2 1 AN R [R]ERG P XT L

0.9
0.8
0.7
ES = a
=
0.6
@ PPC_RNN+CNN
—@-TD-RYNN
0.51 -4 - BIGCN
-<4-GLAN
-4 -EBGCN
044 "* . , , ‘ ’O’P!YEBUJ;L ,
0 6 12 18 24 30 36
IS T8 /h

(b) Twitter16 BUEHE 43 AS ] o [a] vEmfa M X e
&3 P SC A 28 AN R B[R] AR 1 X L

& 3 7R T R SO A 28 ek AN [R) Bsf ) E A MR X6 L
4 5 T IR HE SCR AR HAS ] P e 2 200 HE R P X
Ho. ATRLE W AR SCRR AR AT R s B) RN G & BT PERE
¥4k T PPC_RNN+CNN, TD-RvNN, BiGCN, EBGCN i% 4
R, RER G A T GLAN B3, 111 48 5k i i) s ]
FIG e B BE 0, AR SO 9 0 5 R DU MERf R
B sh eI LT S 25 T GLAN L L X2
AR & R A A D S R s S G F S O
T, 33 AT B 25 AR AR Y 2 2] A SR MR R B sl E TUR S
B R 2R

H 2T T AR AT 55, — > B B A R T 8 %
REGEEIEE MRS . LTI, A SO ke R SR
AT EAR T A . S5 EM 1% 5k BAA ok
PR B I AR RS R PR
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= & 0.871
0.6 0.86-
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-+ - EBGCN
- Rk 0.8341 . r . . v T T T T T
p . o 180 00 %0 300 0 0.1 02 03 04 0}5 0.6 0.7 08 09 1.0
MR )
. (a) Twitterl5 B AL Y HERR A5 1k
(a) Twitter]5 BCHEAE Fi AR P i 2 5000 W Aff 14 X L
0.924
0.1 gaAT oy oz R . 0.91.
ege > ‘g ,3..---------———-—--~——A-:i::::::;::;:;:;;””:
T O
e U 0.904
0.8 ," A “
/ 1Lij+0.89-
0.7 ‘5'30.88-
E =
# 0.87-
0.6
@ PPC_RNN+CNN 0.86
—i— TD-RvNN
0.57 -~ BiGCN 0.854
-<4- GLAN
-+ - EBGCN
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(b) Twitter] 6 B4 4 i ANa] HH ™ B 22 KA TERf X L
P4 PR SC A AT P AN TR P e S B e A o L

5.7 BSEIHMEI

8 2 B P i 2 45 A B 2 8] R L AR B A
fEXT T A F I GAT 55 AR . B S BoR T 7
Twitter15 F1 Twitter16 £ 445 48 T Wi , AN [R] i 4 X i ¢
2% S R, 1k Y SE R B TE] S 36 h, % &k PR
12 500.

P LS R0 RS TR I A 1 184 o 22 30 S 18 s ik
Dy ghe, 254 (19) AT, B 25 44 1) 10 FH REFE AR AL 1Y
FRAE2% 2] D7 T 2 — @ VE AT . AE A EE 4 34 i
7N A= 0.4 B8 K B e AR BB T I A N 2515
SURN B G5 AR AT ZRms B B T — R R .
] 5 40 T A PSR B G, Pl U B U A SO 42 Ry - JRy
TR SR SUOC R R SO R S5 RE R IR X e 24 45 SR 5% )
HR.

5.8 RAREMERENZNT

AR ST 7 A FE T TR A A S -1 - FH P R

B LA S i p A 28 G EE L . Ol T IR

(b) Twitter16 FH 4 (1A A8 1k
5 S EON S R 5

X e ZMERE R SZ A, ZEAS T v, o B O A, 64T 4
20X S

(D) im] - AU E A 15

(2) B4 SC-TA T AUEBEN 15

(3)BHESC-F P AU BN 15

(4) ¥ A SIAUETE 7 1, B AR AR S oA .

PN 4 3 S (S50 3 25 1 v iR 5B R B e
S5 N LUE AR SO % i A 2 1) 4 S -3 -FH P S
(8] %5 4 Ffs 0T 5 L AE Twitter]5 2088 45 F 23 91l &
7.2%,12.1%,10.2% , 36.4% , 7% Twitter1 6 4% 4 23 5l
i 4.7%,11.5%,9.3%,39.2%. SEH L UL T e R
BUE B E b, 3R AUE R 1A B . Hop -1 i
AE A ZF & HAE B (Pointwise Mutual Information, PMI)
TR RN T PR 2 B LR S0 G FR 5 ST AL
{HL Hy ) 4 396 S0 RS 85 R (TF-IDF) 3180, i T 3 S 5 4
SCZ (R A R i R F s HESC-H P BUE i P % &
o ] 52 Y5 A SR B ) A BB O T SO AR
KR . B—FOBUE S A —E FRE 1 AR A
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Iy GOLT AR, UL BT B4R R rh 5 o3 M) 3 42 ) - )
B SCHE SCRHIE M R S5 A R AE , TRV RE S 7T .
R4 Twitter| 5 BIREME T XL 547

. .| NR | FR | TR | UR

ik et FAE | FAY | FAE | FAE
)T A A 1 0.842 | 0.755 | 0.809 | 0.938 | 0.857
i SC- 1A AUE A 1 0.793 | 0.813 | 0.751 | 0.790 | 0.818
HESC-FH P AUE R 1 0.812 | 0.721 | 0.801 | 0.912 | 0.814
A BBE R 1 0.550 | 0.571 | 0.302 | 0.680 | 0.561
HGBGAN 0.914 | 0.928 | 0.907 | 0.935 | 0.885

RS Twitter16 BIIFEM BT LL 547

. | NR | FR TR | UR
Jrik HiRTIES R | R | R |
1) - TR AE R 1 0.872 | 0.853 | 0.912 | 0.902 | 0.815
e SC-IRHAE M 1 0.804 | 0.791 | 0.836 | 0.854 | 0.735
HESC-H P AU A 1 0.826 | 0.721 | 0.891 | 0.817 | 0.875
JIAT SHAUE R 1 0.527 | 0.550 | 0.297 | 0.711 | 0.550
HGBGAN 0919 | 0.868 | 0.936 | 0.948 | 0.915

5.9 HRALIE

5.9.1 FEERMEZMH

h T ISR A T AR R X T i ZA R B ) T
PEREZ I, ZEASTT o, 23 51 Bk 1 Bert-GCN BEEAN 1
P 3 7 M A 2 2] F R s R R iR s 4
W, FE 3 B AN BR B HEA T H0IE . X S 5653331
mr.

(1) 5 Bert-GCN #EH {0l SC N 25 R A7 448, 2
SHESCHRIR T R

(2) BRI 2 7 I 28 A ke R FH - P e T ) 24 o)
I SC TR R SC-FH P 7 PR A 3 (R 3 b
JEE MR . SR AE RN 6 MK TR .

e 6 T 7(SLHR 25 T b, ik Bl R et 2
FOTTLUE AR b A RERIE S0 5, 7 SO &
Je-J L SO O FR A SCAR R A A R IE 1 1 1
BT AR A HE SO N AR Bert-GCN
BEHAEXHE 5 RO ZE . AR, T R
T L5 A HLAE Twiter15 1 Twitter16 2048 55 - 03K B
53 S B Bert-GON B 55 H T 4% F12.2%. X — 251
T IR T SO & Ry -JR i R SO SO R TSR
7 45 M R AE X 38 75 R B R T B O RO B AR RS
) 264 3 320 5 40 kA P T B 5 A B LA e v
FIBSHE T | T LB DA SR P 25— PR AR 20 B, M LA
WHZ e SRS IR . LSS AR B SCAR 2R - R
TR SO SO FR RIE AT B 2 A REAE ) R A fE R
B

%t AR 5 28000 5 L 7F Twitter1S B4 4 91

PEITE 250 P 28 A Ok B2 T AL L SO R AR 21
LT AR A B A9 B AT A RE R i P A [ml g, H
L1 BEARALARINT [ 2 . 18 5 B & ) AU HE SO 2
FE BB AT AR TC I B N 2% v E w1 i
PR MNER 2 5 REZH0 . FrU7ESRE 5 2K,
T Syl ik H 2 ) B S5 M R A B B TR R T
ERHOR X R 5 2R
F6 Twitter]5 BIREAEIRIT bk 53 47

. | NR FR TR UR
ik e R | R | R | P

i Bert-GCN it 0.843 | 0.760 | 0.804 | 0.936 | 0.867
PATRIE R SRR | 0.883 | 0.951 | 0.886 | 0.876 | 0.820
HGBGAN 0914 | 0.928 | 0.907 | 0.935 | 0.885

R Twitter1 6 BIIREARIRITLL 4547

) | NR FR TR UR
e e FAH | FE | FAH | F/fH

P Bert-GCN bk 0.842 | 0.800 | 0.860 | 0.927 | 0.779
TR M4 | 0.864 | 0.826 | 0.818 | 0.937 | 0.869
HGBGAN 0.919 | 0.868 | 0.936 | 0.948 | 0.915

5.9.2 RERESBHOEEMH
R T IR S5 J5T ] 3 i X e 2B RV R A B PR N
BRI AT R R T BN A, R A B GAT
I 26 v L2 2 B g RRAE (A X6 LS5, 5 R S g0 AT
PEREXT L, RIS 23 50 %68 PS8 S A T 90 . ISR L
S AT A ANER 8 F1ER 9 s OV &S 9 3R A L2 L ).
F8 Twitterl5 BIEE R R E AL IEXT EL 5347

. | NR FR TR UR
AR ERE L e | e | R | m
SREAME | 0845 | 0787 | 0.849 | 0915 | 0.819
5 I3 1B 5 fit 0914 | 0928 | 0907 | 0935 | 0.885

F9  Twitter1 6 BIEE F R E A EITLL 4547

. . NR FR TR UR
ik ERE e | e | e | R
SIEEIASMR | 0821 | 0735 | 0.867 | 0917 | 0.764
5t 5T 1B 45 fil 0919 | 0868 | 0936 | 0948 | 0915

MR 8 IR O (Y SR ZE R ), S 0 1&T 0 A R 2
1E Twitter15 F Twitter16 £ 88 52 F MR 285 570 ) & HY =
Jo3 AN 53 it ) 7.4% F109.8% , i BH S I (6] 3 e R s R 22
DL 5 B AN A3 i i ROR: | iX i s 4 iE W 1 55 51 181 4
fife B D L RIS, R B T R B T ML A B
E 53 it v SC-10) - 2 ) B R SUAR 22 Ry - Jy 3 R
SCHRHAE , TR SC-FH P B2 2 31 0 & UG RE 25 F
TIE 4 55 J51 (&1 43 Js 3 2o PR 2 D LRSS B 4 5
AT DA 2] B G S REAE A AR, L E AR AR B o 2R AR o A
ik TRV, 4 5 5 11 0 i i A 31 GAT 26 v . fly T[]
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T R B, GAT Ab B 73 i S o 141 1) O 4 L
sy i Ay i T NTT PN R EEA I
6
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ARSCHETHE SN e A SO P R AR T
—Fh 5L T Bert-GNNs 7 Jit &1 71 25 7 0 £ 1 B30 3% 5 4
DB 2Bk 2 SUR AR 4 Jmy-Jei i R Sl X
K FRMSCATE: LA REAE, I L5 U5 i SCAL 46 AH G

BRAMEES TSR . R TR A SOAR-
i) P S o LAl 1 Rl Bert-GON AR 1 14114 &2
TR ) R B I 4 A8 0 AR T 2y >
SCAHE LN AT B, I8 2o KR 28 I 2 e 2 2 SO
Z ] 4 Jay-JRy i L SO OC FR RS [ 1 22 R 454
KFR, PIF LI G158 1 i A Ros , DU AT RER 3K
B 15 BAZIRERE . W B S A9 Twitter15 1 Twitter16
BAEAE FASC g R WY A ST SR SAA AR HER I L LR
AT AR PERE L B TE R BV F ST
Rl B BE 7, TR I UE T 3% 5 B SCAR A Ry - ey 3R S
S FRNHE SCAL A G5 A FRRIE 3 SO TE: SN A FRAE X i3
R B Ay

TEASRI TAE K22l P it S RS
1) A8 A A SC-1]-FH P S B, DU — 20 i e A
7 5 il P fE
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