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EH

HE HXBEKRETURRNAACEHEN FHREY K, SH2TREZNREIHE. FANES
BIMNEN B EEEREX. FENE. AP EAMERaREEE. A, B EHEE T %
DR, SERENEZ BN, BTHhE (W, X2, 7. FRF) MAWAFEELES
Bt AXRET —MHF AN RR ) EER LWL E S RIMNER. ZER E A+ AR
ARFT R —MEN - ZERTmEEN, 55 R 8e R R OA T+ 8EE, FI AR mREY R
SR E, URA R E S R Y R EE A, BEE KT R 6 MARASE. ZEX - LK
BT AA MR ERF AT Rk, ANTFE T R RBEEIARNFT, A—REE L ZHHK
AL AL EF 2 RF R T HowNet (SCREFE L) PLE WordNet (£ X3F ., T 3C1a A 7] X3
40 A XE R e SUA SR SOA Y R BATY 7. I e 1 5 A iR A SE 0k iR 1 3T R AR W 4
EREREK EA4NEFEEFEXBETERE LNERERITAUIATRAT AXEREAH
Bt

X BEAOR HRAR, AR HERMENE, B5 R

1 3|5

Reuters KR 1) 2019 FEHCT-H7 ER 5 1 323 38 A E ZH9 N RO BB RAE 200 B AR SR 2 30 H
ANFIREBE AR, o B 04 B 5N ROPRBE I 28 0 5 2R ik 85%, FEARE A 70%, 8204 &HiK 68%, i
5 67%. HARGEE AT AN B, (HE & 38% A 31%. LAk, A SCHRIT TR AR A 5
SENVEF RIS, SR AR B i el W, AR OB RIRIR. IR I A K R
T 5 OB AL S B 51 B A 2 E AR EL, T H 255 E e 2 A i AMTRE RS, s
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FREZFH . B0, 5 2020 FF A EREEEM R (FrehliR) BEEAHRKKIES: ©99.9% HIHE K
T BRI K, B TR AR I AR TR AR B SR BT TARRAE T ROk TR
1) FELA.

AT, O SCHR [3,4] XHE S R IMES AT 7ROV T ERE. B4, Zannettou 55 B #0785
REARHTIE AR R AR R R RS 2, WEED . BIHL. AR REFIRT AR 4 N7 T 7458, Ik
Ab, Xu 5 W RS SR I AN EAE R IAT S 3AT T 5 — WA T AT, RN T R REER
PRS2 B RE BMEE KA. P BIERMS ST Rags. —Rins, w50
PR 2 X LA, SR AN (WITC RN R)38) EIAH 25 2 AT, T A js P P 43 P B e 8t (61
wn, Bl K2\ P, TR IRE GG, Pk, HAh SR [5~10] & S FT0E 5 A AR b ]
FINFIR. SERR b, FRAERE 5 R 5 B R S, AT AR IS SRR (dn, T 550
WL TEF EHRECE R RAT S € A S AR SO LS. SR, IR AR BR SN IR R AR A S SR £
TEAT 288 AR (betn: = Jodl) BIYEA. 18 WordNet 1 HowNet 5515 5 AHHENR D AT . SLhs
k., BL WordNet Al HowNet AR MIIRVETE 5 A11R Ae 8 48 B AT A4 e 15 B B BRI, AR &,
WordNet M A4 7 — AN 55 Y6 FEl 32 (0 9B/ V00 SO, AFE & MR R & 0 R I B R ORI
[F) SCiA] 4. WordNet AT B iR] 73l BE /A 8 L. A EE T30, fE AR S I S s E/Ed
P, DOE R AR A & TR . PUEE R SCT DU — 418 CRARERTE. 16 5 5 AN J6E
B E/INOTE XA E SON SR, 1% Bh FIRATHE 4 BN JRE 5. HowNet 121 DA AR ML Ay 3 A,
S S5 AT AR 3R o AR P () B B, SEPR b X2 BOR S [R) SORE SR ST AR AT DL B RAT
BEATHEAC AR TR SR, e Ah, DU BR A 2B 18 5 AR SRR (A A E V% S kil 7 T R I
HEH.

DT L, B 1 B T RSSO E AR R — R IR DL, X T ga i ol T R
SLEZE W 102 12, ‘BRAR R HRER: LEET . XS W RN o 09 a2 A, (%
A AEVEE)” HHBUERE X EEE, REEE 1(a) BT, POEIRE “XHEE” 75 HowNet H1 AT DA# &
XN <Ry FLR SO 2 et R, H SRR B MR RIS <R, ALBE, AR, Bk, <.
KALhh, XFF 936 F “US Democratic nominee Joe Biden declared victory in the 2020 presidential
race on Saturday night, while US President Donald Trump refused to concede defeat. (ZE7l: JEVEF)”
RS “victory (EF])”, #RAEE] 1(b) FraR, JE3CHAE “victory (MEF])” £ WordNet H1 b L]
& “success () Fl ending (4520)”, H T A2 “win (Bi)~ slam (K3 TE)« independence (JH57) Al
Pyrrhic victory (B0 ER])”, IR a2 “victory (3RME) FT triumph (B REIN)”. S2br b, X fp
JEUATE B RIRG M WK T 1 A A S AR (380, AT BT 5 A,

R, AR SCHR T — s S 1R IR S 1V S AR T KDRD (knowledge-driven rumor detection).
AARiME, ATE JeiEid LDA (latent Dirichlet allocation) $&HX 25 & #1: A2 BAR SCA I e = #iA], 43
%= T WordNet 1 HowNet 34353 32 jIa] (15 SCRITR (Blan, B8 SCGal . [\ 3G R). K5, 3
AR AL A AR SCA AT SRR 4, JF i ARt SR AR FE SR I B B SR R 6ROk, FRATIRYE 45
SE AL AT AR SO B )1 4 R I E SCRTTRRI S AR AR A — S D Re s R E 3 - SR (il 2 pr
). A 2 FISIHLEAE AT Ho—, LEAINE SRR AN SEAR RN G, 0] DA 45 58+ A8 AR SO A
HE PN 2 A (A LA T G 58, 8 T 4 A S AR SCAR RO, ITITAE — e R 2 T
B AR LI ) B B R TR S A, e, SUARHRGE R ATV RE S L REEE, T
W SURRAS B RS A B2 A R TR SUE B, RVE S FIBIMEE BANAS. A s X - SR
], ATRLE S B S R SUE R A, fEEIE R R HELL T, TS 5 RR S SRR T DAR
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EREBE H 535 B4

Pl R SRR
“ﬁx ¢ Lvictory | !
s Victory —F > :
AR % | Ltriumph |
g / \ o e
5 & i il
[ (R Vo
i R AbER e | HAk win  slam | independence | Pyrrhic victory
(a) (b)

B 1 AEREMEARRNIES MIREA. (a) X HowNet BE FIREH; (b) EX WordNet &5 iRl
Figure 1 Samples of a given word with a hierarchical structure of language knowledge. (a) Sample of Chinese language
knowledge in HowNet; (b) sample of English language knowledge in WordNet

-

Rig“H=2
FIRE102{2,
“g /?\\”E‘E‘

ECH =
{(H=E5%. SCE&7R: ?ﬁC;%;m.i
25 B {SIF. (38, S
T%jﬁ}% . &) WrE...}

N

~

ECX3R%%:
{E&. B
0. R
...}

BERER:
HEE5F, X ‘
RSN
WIS ELE
M.
ECY¥R3-
{I®. 1B
\/ sc M. FEL
Anas il 1Big)
T It
2?%&@; SCHREL: SCIpsE:
(&%, iE (R, AR,
#. X, MA. &b
K 2. Z=|F} 2.} /

2 1BY - EETEE. &1 TREANAREMRFEECARMRERIAERINE REEIYT REFHMIR (entity
knowledge, E#} ek) FE BT RBIEX IR (semantic knowledge, f&EfR sk). kBT SFRRIZIABEAS 2L
ARARERMN, BEETRRFZARSIHIIN XA, AETaRkrZAREMIE, ABETRRNZIDZEAE
. FRDHIELIEREE

Figure 2 The semantic-entity undirected graph. Nodes involve the previous words for a given social media text after
removing stop words, the extended entity knowledge (ek) in light green, and the extended semantic knowledge (sk) in
orange. The gray node represents the word is non-entity and non-topic word, the blue node indicates the word is both an

entity word and a topic word, the red node refers to the word is a topic word, and the yellow node denotes the word is an
entity word. The edge is built with the word co-occurrence information

AHUBEERR. 1E 4 > oSO PRI Ve 5 2R A SEIn g AR T BA TR 1A 2

ARSI TR 3 AT LT A5 T

(1) ASCHIEE T — A IhBEsR KNS 3 - Seik i B, oy i S i S AR SO R R 3E  37 78
R SR S VAN 2 AT SCHR, T2 3 RSB i) 6 R R & i FIR SR B S — sk To ) ]
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WRFE T 4 A A GEARSOAR BIZRIR, TR AT A RO 55 A i P A9 R AR TE R B, T AE — %€
FERE L2 T Bl s L B ) L

(2) FEEERHEMFHELT, ZRAE S RIRAE T AR Boh s Sk, KIS BEES
FEL I 75 T A ELAME . Ak, AR SORE R 22 W 2% (A RS2 fan Hh PR B RT3 D P itk A1
LT AR SE 2 i A RS BAE . ASSCHE 4 A BRIkl b 93008 5 TR EEET TR SER, SE
6235 SRR WA SRR 5 25 0 T LA AR M P 8 75 G I Rk AR Y

ASCHHARI LT 5 2 7R AR, 55 3 W VR A 1 AR KRR B Y
SRR Y G i - SEARTEIA PR R AR . B R I IS, 5 4 TR TS
KB E O SRR R frJE, B 5 TR ST TR

2 HXI{E
AT MARTR M A1 AN 1 SR TR RN B A AR 28 X 4% AN T THI A 2R AR o A

2.1 ESENRE

AL VT SRR ] 73 A DU2R: e TAR R U 70 T SRR T T H P EH
(1) 7 AN Tt SRR B 7 V.

(1) ETFEBRANTFGE. —SBORU, ARISEAIH P (Ui FH 5 B 4w ) 2 18] i L3 i 20 Ek
FEAZ ARG S FL 5 82 RAEEAR IR G B T S Al IR0 W 55 18] i BTk, 0% 5 A SR LI R I
N: VI E HE W R AT, AR e WA R, R OR R A P A k. AT, ARE S R
S B WA A AR, SRS 2 A P k. ST, Wu SR T — MR A U R )
REAECHT AR, AL T, Ma 55 191 25 f8 T W4 A8 AR SUA 7R RO G546 i, 26 20 BT 1 AR Y
MBI L E IS AE S, DMEN BT A A 2 1015 5. Kumar 5 16 2 7 — 2154
STHEZE, w] DAIRI EAT REABGHT IR AT SR . b A, STz NATTREAS N RS B VR B B2,
SRR S, Kumar 282£ T Tree-LSTM (long short-term memory, KR IIC1Z) #8, A RN T &
A P ity S i S S A iR ok B SRAAE) AR W AZ 25308k [17~19]. — MR 5, J& AR U
T BRI 77 ¥ R M R T G RO 5% 5 0 13X AN [ (4 1% 5 A R

(2) ETEENZIGE. BT GRS MHEE S A EAEERZEICMA)E EER, —1%
S NG AR XU A BERIE U0 S AR AR UG, AT BTN 5SS MG o 45 4 i 2 AT KR AR
ARSI ). ABTE LA B R A A T T A R R R R L, e R TR A 4 R T e 4 R
SE MR RGN T S BB R, IR LR, B AICZ B R EERINZO - &
KR, L TEIERITE W TEE B IC LS A F I TEIE K R, X PG TE R R 0] LA RN 5
IR 2 v AHECZ TR, A7 et FE N 5248 P S8 A SOA e A 5 1] (0 AN 7 1 68 A7) SR 00 R AR
5] (6], Potthast 5§ 8 i1l T — A5 800 F TIRIRHE (140, F#FF uni-gram, bi-gram F tri-gram,
15 FHAR], SR, AT, AR, o R AT A R ) LE A, B B DL R SO P S RS SR I R AR
WrlE. Horne %5 120 SR T ARK S /E KM AL F THEIUFE (B0, 2ia%0E . KA CHR, &
BN 5|5 HESE) ST R EH AN, Li 28 PY FIH LIWC (linguistic inquiry and word count), POS
(part-of-speech) FI unigram >t 47 3y S MEAFREIN. JEH, 2T 51 XS B 7 iE Rk SR X S T T A2
FEAEAE A2 — T LU ORE N 1 A

(3) ETHAPERMAE. th T AU KA S Al AetE LLAUIS, 188 A - A 1R m =R
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RATEEERIES. Bk, A2 H 0 RS S R b a4 @ N 2 5 FRHE. Yang 26 ) $2H4 T
LT T AT TR R T VK [ I A BT R A SR P K RTAE B Wang 22 A T — AR AR AR
WrimHeE R, R bR TR oo B (BN, SRR &R AT AR B ZONE G AE), JEA X L
2 P 5 B oS 3E AT R BCH A . Castillo 25 23] S@IT SR EU L Fh A PARAE (W14, IR
SR L A AE IR TS URL 45) RAMHESCI S, BhAh, Yuan 55 P4 2 T — DA
RUSKVPALT FH P 8T A BRI HEAT R BB TR DU, A2 YA 5 1t 485 R AT N R AN 80 F 7 ) A A B
FEEAE K. Mukherjee 55 2° FIFALIX 25 (i, ZREE . 4 HIVES . TFE . IBIRIPE . 0
PPy B 45E) « F P A —Bobe . S0 s sl Mh iR DR B Bh 45 B P RIS BEEAT IR, T AT R
OB R . AL TAE R AT LLZ 2 S0k [26]. — R &, 2T H A E AT E R sk AR 5
FI I e o B AR A B i

(4) ETFHFERBTTE. AFTAM, SMTAREE SRS 2o EZMEM. Hu 55 00 8@
o GI NS AR, KA AT ) 5 R R S B AT LA, IR B 28 I 6% 225 ) 33 AT R AR KT [ A
M. Ciampaglia 55 271 22 Bt SRR B MRS ml 2 8] R R A B AR A5 B T F TR 2R I SR AR AT 55
Lao % 281 $1 HA fil N\t 5 S0 P ) B A HE e B9 (path ranking algorithm) "t 2 AEGHT BT AR I AR 4.
FHELZ T, Shi &5 29 S H T —ANBE T HERETION AR Y 0 AT S SR AT 55 6 AF, Shiralkar 55 B0 2 H T
— RGBT, T LA =0 (i, 3295 IETE R RAE) TR B ) BSR4
Hi, Pan &5 BU T BT AR BEERON B B0A 12628 28 R BOHT R R AR A, Al AT SR B BUA e 25 S S0 AR
T AR AR (S e, SRE I P = e A TRV AR AL BEAR 0 DR /N 56 SR EAT REARHT A @, 4b
I SR PEAE VR 3 A I v B4 R S 55 IR, R DA AAT D368 A5 T A/ R VR Sk 4 i 4 R S A S
AR ESEE. ORI IR R A KR T —Fh, AR VR SR TR R NTE SRR AR A B
LA,

2.2 [EERHEME

BT AR s N 45 521 B A el R I 5 MmN ARS8, I ey 2N T2 H
SRIE T AT S, ikt id R4 B3, SO BRI AB T A (10-35) & it SCHR [34) HSCA
FIRBC— AN AL P, 7 A SO AR SR ] R SR A By 3R] P B 4] 1 ) BB 3] SR R ] A
W SRS (term frequency-inverse document frequency, TF-IDF) 47 Z1 ], M\ T 3R45 5 1] A1 SO 5
RIERIR. STHR [10] FVEE ARTEIDCARRIEE 10 SEAER . R ], FF K H B G R 48 I 28 5 1Y
HEAT BRI (SCA) AR IR M. 17 SCHR [35] R8T [E SCART BUR R s S . UG S p I, [RIER
BG83 T 228 CCARMENR) AR kil B8R BRI T 2 XM EE R, (HR A E
it SRR K.

PRt 5 B g 5 R R AR, AR T —FloB s B4 N 25 0% 5 A AR R, 2B T
REAT RUBIN A A AR BT A5 B4, IR R AGIE 5 ARE R (BF 3GE L 7 SGREFT SR, 8@
I PRI R 20 I 28 S AT TR Sl 1) (R R 1 S — SR TG ) ST EAT SR 4SS, 70 20 R 1 5 R RURITHRE SR RS
B SR T TH ) HAME .

3 1&EH
AT T B VL S AN ) B S 18 Y — SEARTG ) R 8RN P A AR e 2 IR 4% e
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e (" A (" A

- (. A ( N

“A ~ N - N OO O

E% =R X ECy,——SCwy, ECy, 7" R(EC,,)—R(SCy,) R(ECy,) (TTL.I11 |

g e \ 1o [

wamsEn | | o ol ey | D,

RS X > S ol o H

SREEEFR 2BEI T e @ S T e @ P e ]
===

o 13 —

- ¢ s , | | =m0 [

%gﬂyé; N Wz\ \ \ [fscu) (LL..TT] o

i N @w ) ~@ 8 )=o) O

3 ANIEHE KDRD #HEIER. FC RERLERE, R KEFRES, F RKES

Figure 3 The framework of our KDRD. FC refers to full connection; R denotes a non-rumor; F indicates a rumor

3.1 [ERIENX

FA VIR AL BRSO n B A TRE Gn) = (V,E), B V = {wap, we wa} B E =
(Brvay s By s By s Fuooe s Buvas B } 5¥ MR BRI S A RIS wop F%
SR AR S AR S0 R0 22 4 P L 375 VB 4 ek (entity knowledge) Tt R HERE
SRS A S B B S A T P 92 ARl A sk (semantic knowledge) FERnd it
RS SC A T R 1 2 U SRR B, AR (B, s By ooes Buy s B
B Fu) J FIB =R H A S (A0 £ BRI, RS0 A 25 R0 R T B A 25 g 149
L AR E LT G = {(Gy, G, G}, SR RERS IR SR SO 0 MR AL S
SR TERE, BAT F RS EE [ G - L, Bk G R B, L JoriE S bR,
A,

3.2 1REER

K 3 o 1A SCHR s R R B A S R AR A (FRT R, 181 3 Al SO - SR Y
KB 2 h I G ERIRIE ), B ETE S — SEARTG 1) R R A AR A 28 X 2% A P 2 A R
N A

3.2.1 BX - kT EEmE

X458 B JESCAE ST AR SO (0, HERE L GO BE 48), BRATTE e xh iz oA L R i Y, JF
KM Jieba THEA #EAThSCCAR MR, A REEHTE RIS Dyp, HHZSC P HIN wy,. BT E
RS B AT LA B 5 NV = B, BRI IRAT SR T SO Dy BRI, L= 8 AR S A SO
Fon. FATEA LDA T A Fl Gensim LHY F3 Jil $ B 15 FINDUE AL AE AR SCA A 1) 6 i am], AR
top-k > E BT weo. WHIHE F BN PMI RUHFIR T AU B R R, #0 = 2BAFR S
Wap, Wek M wee, —IAFAE 6 MILRFR. FATEE X — SEARTC 1A B BIL 70— — W, —XF 2Bk
5F, 20 Z WU =M TE. i =R PMI B THE A A B AL RCE. EHERS, IR PMI fH
KT 0, WKy PMI B AE L FBCE; 4n 2R PMIAE/NT58T 0, WAL R HIE v 0, BIAFEAERL.

(1) —xt—BREFIER. W T Bu, ., RATEHERH PMI (pointwise mutual information) B7 it

1) https://blog.csdn.net/u012661010/article/details/70880847/.
2) https://github.com/fxsjy/jieba.

3) https://lda.readthedocs.io/en/latest/index.html.

4) https://radimrehurek.com/gensim/.
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SIS HIBUE, 1R PR

A~ 1o p(%,7)
PAIG, 7) = log ey ®
plin) = L0, )
i) = 250, ®)

Hodr Wi, 5) RN E D FEIRE & 1RE ¢ 5 B9, W ARERIE 3N 1 B & N, W (a) (R
WA D EEE @ N

(2) =N ZMEIER. N T Eu,wa M By e WATEFTE wop, Fwge B wee RN TE )
PMI, 285 KFIIME. B wyp, A wae BITHRERE NG, wop, A wee BITHESEAL, 07F Bros:

2 PMI(wyp, , o
PMI(t0p, 00, ) — D k=1 7(Iw ps» Wi )’ @

SE 0w, R

(3) BIFBMEFIER. XN T Pupwees Puogwa ™ Bugwa, BAMTEIH wae M wee HEEAN RIS
1] PMI, 2R )5 R-FIME, WF Fros:

22;1 Z:l PMI(wsk,h > wek{?)
PMI(’LUSki 5 wekj) = : : 5 (5)
mXxXmn

S, m R g, FAEAG 0w, A

BXGAET mERK. SHFRHIRAR, 15 F MR R 7B AR R — DN EE D . 15
AT LDA %25 A5 FH 1] 0 SCRE SR E @] J5 , 38018 5 AR R BEXT 9B SOA, AT
it LDA #:4EJ5 /) wyo (topic words) HHAEANREITE 1) b SRl R SCIRFI[R] SCia], AR ple— AN SRR A 15 4R
wek. KL, FPOESCA, FATHN wio FARENDEE TRTE SRR AN E] SR, A2 SRt B wee. ATHE
WAL ., B 4 IR 7RG e AR SR A R HREAE R 102 12, R R B A ICE R
AT PR 2 O R T DG X TR SRR M IE R, AT
) “XHEE” 7E HowNet HI X “knowledge | A1iH: domain = finance | 4:fill, use | FIH: purpose
= handle | 43, patient = problem | A&, modifier = concrete | FAK” DL A [F] S iA] “&@hRlH, 153
wge = {FIR, it A, A3, W BAK

FRT R, X T45 8 9SO AL AR SCARA]F “US Democratic nominee Joe Biden declared victory
in the 2020 presidential race on Saturday night, while US President Donald Trump refused to concede
defeat.” "] “Victory”, FIH WordNet R 3R1GE 1) I X id] “ending, success”, 3 id] “win, indepen-
dence, landside, slam, Pyrrhic victory” F[F] 3L id] “Victory, trimpion”, JF#3%| wg, = {ending, success,
win, independence, landside, slam, Pyrrhic victory, trimpion}.

TEN Dyp 458 FIAE w,; PEEUE SCHHHRRNE wg 25, BAVEH word2vee TR KIRF wye M
[ Vectorg. 9T AE RBE 58 K IRE SUAE 2., FRATXS Vectorg, 7 MIBAT PRI ERAE, DA & R
E T A (2R, 40 Frs:

VeCtorsk,avg(]Xﬁ%ﬁ%) = average pooling (Vfﬂi,':l’ V{i\ﬁﬂ’ V%U}Eﬁ , Vﬁl‘fﬁ’ Vl‘lﬂiEFl’ V/E\{z[x) , (6)
Vector,, . by = o pooling (Vigup Vo Vi Viess: Vi Viug) ()
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DX RE(blockchain): {knowledge|£0iR: domain={finance|5 &1}, {use|
FF: patient={~} purpose={handle| M E:patient={problem||q]
#:modifier={concrete[ 244} } }} ; AN : HRIDIE}

RIE“HZEFIRE102(2, H = (sharing): {CauseToDo|{E%/):ResultEvent={own|}}
“BERFARBRERN: LDA : H:manner={together X[E}}; EN: SH. D=, HMA)
H=25%, KIRESmIk - N (warning): {persuade|3i%; @M : S, M. B}
SRS BEANA. HF(use): {use[FIFB; BN : 8. B8). &}
3FS(liar): {human| A :modifier={guilty| 5 §E}, {cheat|JF:agent={~}} ;
MRS AR BX: BBnEE. FRE. 2T

BRUBSHIREIE

4 PXRRES FHIREA)

Figure 4 A Chinese sample of hierarchical language knowledge

{ MBEFITU

/

REHSEFTRE102(2, HERT
BERHAERET AT | B
S5, KREEFIRSH HE
W3 LR e
MRETAS SERBEE RN

5 (MIKhRFZE) s LRzl

Figure 5 (Color online) A Chinese sample of entity linking

Forpr, v AR SRR R ) B

SERAETRER. SRR A T LA SRR & (mention) B4 B AR RIIR e tpod
PSR AR, SRR T LUK R A AR SO T R0 A 42 & (mentions) TEf 48 1] 1R BE A i H
PRSEAR. TESSCHARE S, AR SCR I SLRBEH: T A TAGME %), AT DR HUH #1228 AR SCARAFATE I3 K
(mentions), H¥IXLE mentions EHE B JE SR Wiki SRR O A&7 E R SEARA. 78 308
PR, AR F 3 CN_DBpedia 9 tH 7 IR ZESR AL I SR BERE ) APT B LSS AR SCA R
| 1) mentions Ml CN_DBpedia 1R o LA AFAE I SEAA TR 0 N kSR, D9l I, 1 5 o 1
BB R SORA) T B SEEAETE WA 102 14, ‘BREEA \EFRER: JLEAER, XS
B 2 e B R . 7 iR GBS LT i SeRETE AR O R AT BLIRTS wee = {2
BF, W, 20, AR PHAT I, A R IR

R TR, X T 45 8 S SCHE A AR SCAR A F “US Democratic nominee Joe Biden declared victory
in the 2020 presidential race on Saturday night, while US President Donald Trump refused to concede
defeat.” HHAIEIE L HLIE] “Joe Biden”, FRATAI LAHRHUHL SLARTRNE wae = {EEEE 46 (FAGL, &
DHNF: - FE&, BRI 2ERY, BURR, RESESE}. HSL b, XSy R Skim Wl e 7S
WCARRRBUE A, Fok b, JATE2 T PIBksikin). 5 —BRseikimAn be, —BkSeim tEBh R,
[k EEANL IS

Fah, FAEH] word2vec K3R1F wex MIFERIR Vectorer. N T ERERRKIPELAEELR, 5

5) https://pypi.org/project/tagme/.
6) http://kw.fudan.edu.cn/apis/cndbpedia/.
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3 (6) F1 (7) ZKMh, FATFREXT Vectore HATFIIRIE MR, L3 R SEARHIROR.
3.2.2 EEFRMERE

ZOCHR (35] BRI Z AR CORFIEIR) 25 R0 28 0 4 5 BB AS IS R s R, 12 SCRjTE & 1 2
Y ) SCAR PR P N SCAR B ) PG s S A B, SR ) R A AR o 2 I 8% o 12 e ) BT AT 2
TR 2 T P o 2 O 2% 6 J2 ) i AT B KA B4, B SR Softmax X A BT 22K, T 7
MBI R RBOR, T B A EERELA RS OUR) S WNES. Bk, AR [35) FHEES
(U B AR 22 9 2% R ABUHT R A AR Y (KMGCN-NoKDVisual) _F#E47 o, 32 B HABLE 3 AN
TH: — AR EFEE I Wiki FREE 2B #CHER [35) SCRAT “sA” SRRMIRE. 2RI RN
SEAREEAR, A SCRENTE 5 TR SUE R (B0, B SGRE . [RSGR SR, HoR A AR SCAR R R ]
FATE I S — SR, TRk 5 SE B AR S M TSR, — 2T SR a M & 1 ka2
i H 2 R P A oAb B, SEBR B SCHER [35) SR BB ORI AUAR B T RS B, 1T ik
A LMRAEEZ 4 RE R, FFE SR ur 7 R AR X S AR RE 2.

— WS, BRI RS e — 2 RN, E A — A BT BRI A AR
. T RIRMERE X - 2R ERE G = (V,E), XF V (VI =m+n+k) Fl E 5512 3 Fhi2k
TR AR 6 FhRAUINEE . B X € ROmtntk)xd g — AN 8 Bt 41 55 S HORRAE (AR R, Horp m 2
I3 455 P 1] i 4 A8 TR SCAS A B BRI B, e SRV ST sk (RTR R IR N K R SEAR TR ek DA
SIS, d JEFFE ) = I 4E S

BTG 15 S — SR IR B, FRATTE SR F R 2 PR AR 8 I 28 Sk SR A5 L RR0IR S 200 (L
K (8)). AJa, AKX 1+ 1 EMda 20 AT A, SRS A AR SUAR R OR, R E &l —
M AEREE A A Softmax WUE KA, AR — MRS Zou i K8, BIBIZ )
5 — E N 2R BIEOE RN ReLU. BB HUIHE ML R — ZX A W S RS T2 R
.

74 = (D3 (I + A)D~ 2 Z'W), (8)

Horh, A NAREERE (WX (9)), D NFEERFE, T NSRAIHERE, o ABOR AL W NSHL

Ali, f) = {PMI(i,j), PMI(i,5) > 0, )
FATKH ry ME RS EEARSCA ¢ 1 FIE:
r; = Softmax(Zmean ), (10)

HA, Zinean & 21 BAT PRJMALIRAT 5 B f

ARSI i i B, IR A Adam 5095 B 470046, 53CHR (32, 34,39] LB 45
— A, BATEIMNZ BRI M2 M PEREDL T — RGBT 2 )= BB R a2 I A e
{2 e S A AP RE.

hos

4 8

AT HLIG PR RS SEERIR L PRI bR . S DL S SO F R S 46
I
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Table 1 Statistics of the benchmark corpora

Pheme Twitter ‘WeChat Weibo
#Real 1972 7898 1990 4749
#Fake 3830 6026 1990 4779

4.1 BUE&E

N T BAEA SRR A R, AR 4 A E B EEAEVE S R NERLE. Hod, A5 95 Pheme 7
Al Twitter 8, LA H L WeChat 91 Weibo 0. & 1 IR T 4 MEREMGEHE, Hh #Real 18
RS R, #Fake REE T HHE.
4.2 FHERE

(1) BOW_SVM. iZFEHERRLR AL S A SCAR IR B 48T 30, FFR A SVM 1E R 73 3645

(2) TextGCN B4, TextGON & M HIFAT B AR M R FROR BT RG22 ST ORESE. JRAT B
K AFFHIEARTS) BEAT IR S A

(3) KMGCN-NoKDVisual [33], KMGCN-NoKDVisual 457 4 — f k2 1587 [ A4 3 — AN e ) P
(15 R SCA IR BRAR] 32 fe Bk 7 Bt () B LB ), e Y PRI R Ao 428 D 2 Ao 00 R Al ). JRATT SRR T
ABATTE AR, JRAE 4 B S EEATRE S R,

(4) KCNN [, KCNN & — i N\ SR i 25 BR800 25 8 5 R AR Y . 2 A5 20 Fp i N\ B 25 =348
G SCARMRN . SR N R SEAR RN FRATTE R FH A TF RO IRARAS Y JEAT 1% 5 A

(5) CompareNet 0. CompareNet & —Fiftify 1|3 &I 41 22 00 2% 0% 5 hr PUASE Y | AZ AR ) T S0 A
5 AR AR EE AT LEA DS 08 5 . AT EHER A AFF RS2 AT 38 5 R,

(6) BERT 2. BERT £ N—F#E T Transformer FITRIIZRIAL, FAT [ 2815 75 A Z FHT 55
B TR PR RE. FATE BRI ATT RIS, i (o 2 A7 7 5 kil

4.3 LI E

FEASZEG Y, PMI HVE ) & 1 R/NECE 20, J5SCHA] | 15 SO T DA SRR 15 R # A F word2vec
WILEA (AR BERT 8 [ SEAE AHIAAL), 1715 s 4E 3 BN 100. BIEFE M4 E— 2
(%6 H R P LB N 64, FEEE 2 04 H 4R BB 32. batch size N 128, epoch N 200 IR, % ] %
4 0.001, dropout B E N 0.5. FATRAIBENUS L T BEESBEALBEAT BOHT, SR Adam SRR it
AT, B TSR SR AT IRAR SO () 2 ] L 38003 735 B Y 10 5. #E Pheme #iilE2E E, JRATRH]
5- 538 X B6IE, WeChat F3E5 R BN 2. 7E Weibo 1 Twitter 2034 b, FENLIEE T 10% 1
HARAE NIAESE, F6F EHE LA 4:1 BENLRI 2 IR AINAEE. ASCRM 4 A8 PR FE bR k47 3%
SN, £L5: Accuracy, Precision, Recall fl F1 1H.

7) https://figshare.com/articles/dataset/PHEME_dataset_of_rumours_and_non-rumours/4010619.
8) https://github.com/MKLab-ITI/image-verification-corpus/tree/master/mediaeval2016.

9) https://github.com/yaqingwang/WeFEND-AAAI20.

10) https://github.com/yao8839836/text_gcn.

11) https://github.com/hwwang55/DKN.

12) https://github.com/ytc272098215/FakeNewsDetection.

13) https://huggingface.co/bert-base-uncased.
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Table 2 Fake news detection results on the English datasets®

Accuracy Fake Real
Precision Recall F1 Precision Recall F1
Pheme

BOW_SVM 0.6437 0.5621 0.5433 0.5526 0.6832 0.6918 0.6875

KCNN 0.6725 0.6265 0.6491 0.6427 0.7481 0.7312 0.7396

TextGCN 0.8276 0.7652 0.7343 0.7494 0.8568 0.8607 0.8597

KMGCN-NoKDVisual 0.8395 0.7767 0.7566 0.7665 0.8604 0.8632 0.8618

BERT 0.8192 0.8091 0.7266 0.7560 0.8238 0.8599 0.8415

CompareNet 0.8734 0.8372 0.7916 0.8138 0.8864 0.9256 0.9056
KDRD_word2vec (ours) 0.8822%* 0.8612 0.7918 0.8250* 0.8936 0.9217 0.9074*
KDRD_BERT (ours) 0.8764* 0.8475 0.8021 0.8242%* 0.8997 0.9007 0.9001*

Twitter

BOW_SVM 0.5451 0.4980 0.4973 0.4976 0.5532 0.5564 0.5548

KCNN 0.6354 0.7492 0.6257 0.6819 0.5894 0.7194 0.6479

TextGCN 0.7128 0.8182 0.4259 0.5602 0.6680 0.9392 0.7807

KMGCN-NoKDVisual 0.7543 0.7821 0.7326 0.7565 0.7571 0.8165 0.7857

BERT 0.8055 0.8315 0.8162 0.8238 0.7657 0.7842 0.7748

CompareNet 0.8124 0.7874 0.8271 0.8068 0.8232 0.7865 0.8044
KDRD_word2vec (ours) 0.8231* 0.8263 0.8088 0.8175 0.8184 0.8381 0.8281**
KDRD_BERT (ours) 0.8269* 0.8166 0.8000 0.8082 0.8414 0.8298 0.8356**

a) KDRD_word2vec indicates the vector initialization of the word using word2vec; KDRD_BERT stands for the vector
initialization of the word using BERT; * refers to the p-value corresponding to the comparison significance test of the
reference system <0.05; ** denotes the p-value corresponding to the comparison significance test of the reference system
<0.01.

4.4 SLIWERRST

AN 5 A S SORN SR 2 R A S S8 AR BT L B R T AR R BT, 3 S0 R
EBIE: (1) ASCRMIZJMAEZRAR (180, _E SR F S LR SUS) TR (2) Rk
B AL 0L S A A O 2 () 97 R ST SIS AR SR P 0 A e 2 94
(o, PRI KAL) BB,

4.41 FEXESHRNSLRERN S

F 2 M 3 AR T S CVE R S A5 AN VRN s a4 B RATAT A g B T AE
Twitter ZUHEEN Fake ZEAY4N, RCHERIAE Accuracy fl F1 EWESURSEES

IeAh, BATETT LIS R0 T 4518,

(1) 7ERLALETH, BOW.SVM TEATA 4 DVRITE bR RIS S 22, 1 B 7 a7 5 0 1) S8 U 7E 17
SR AR E RN, AR, BANANRG, VB S AR AR LA T, B KCONN A8 KA 2 AR
(i, i RN RIS RIR ), BRI LR RERRTHA IR, HH T TextGCN A SCAR 38 R KR ThRE, HMERE
i T BOW_SVM F1 KCNN. LT R H 5449 B U Text GCN B2, R A [F144 B 20 KMGCON-
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Table 3 Results of the ablation experiment on the English datasets

Fake Real
Accuracy
Precision Recall F1 Precision Recall F1
Pheme
entity knowledge 0.8463 0.7825 0.7631 0.7727 0.8742 0.8863 0.8802
entity knowledge+hypernym 0.8526 0.7936 0.7742 0.7838 0.8786 0.8868 0.8827
entity knowledge+hyponym 0.8597 0.8021 0.7813 0.7916 0.8834 0.8912 0.8873
entity knowledge+synset 0.8686 0.8349 0.7884 0.8110 0.8837 0.9035 0.8935
entity knowledge
0.8712 0.8396 0.7887 0.8134 0.8872 0.9143 0.9005
+hyponym-+synset
entity knowledge
0.8648 0.8295 0.7792 0.8036 0.8792 0.9033 0.8911
+hypernym-+hyponym
entity knowledge
0.8744 0.8408 0.7915 0.8154 0.8922 0.9098 0.9009
+hypernym+hyponym-+synset
entity knowledge
0.8822 0.8612 0.7918 0.8250 0.8936 0.9217 0.9074
+hyponym-+synset
Twitter
entity knowledge 0.7780 0.7991 0.7248 0.7601 0.7890 0.8312 0.8096
entity knowledge+hypernym 0.8086 0.8186 0.7843 0.8011 0.7934 0.8297 0.8111
entity knowledge+hyponym 0.8102 0.8206 0.7851 0.8025 0.7916 0.8298 0.8102
entity knowledge-+synset 0.8100 0.8217 0.7955 0.8084 0.7983 0.8210 0.8095
entity knowledge
0.8122 0.8192 0.7851 0.8079 0.8013 0.8344 0.8175
+hypernym-+hyponym
entity knowledge
0.8170 0.8216 0.7867 0.8038 0.8004 0.8385 0.8190
+hypernym-+synset
entity knowledge
0.8218 0.8251 0.7997 0.8122 0.8183 0.8367 0.8274
+hyponym-+synset
entity knowledge
0.8231 0.8263 0.8088 0.8175 0.8184 0.8381 0.8281

+hypernym-+hyponym+synset

NoKDVisual A58 14 G 5 4F, 3878 5 R AT BEAE T3 3 Al i SRS — R EU RO/, Bl A SRS 79 s ) R0
ANKIE AR A TF-IDF 115, TextGCN £ Twitter 09848+ B8 8 200 FHAS T A Recall {H, W&
FEJRRAE T TextGCN TEVERIE MR X4 K Twitter FRt5 BRUATSCARY S 551 TF-IDF A8 AR X
fifi. {H2, TextGCN A [a] T4 - A2 AR SCAR U] Bl BT 1 2858, T TextGCN BTG Precision {H
BAR, SEHBAIE SHRIMIERE— . B4F, CompareNet ZEFTA 4 DIEMTEFR_ BRI TEREHRE T KONN,
A4 CompareNet K H | — il &t A AR I B ph 2 I 28 455 80 SR, AHEE T BOW_SVM Al KCNN,
BERT HAHHUAS | ANES 1)1 5 A 4 RE.

(2) FEASFRE SRR Z 0, RT3, WordNet BT A bbb GRS B 4. AR SR A
8 B SEE B SR A 7 VR TE SUWRE, AT B T9E Skl AHECZ TR, [RGB R, & g
B TR R A SR, SR, TR SCIRIFRR] SR )34 41 At Rt — P B = 1R S A I e
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Table 4 Experimental results with different convolution layers under the average pooling mode on English datasets

Accuracy Fake Real
Precision Recall F1 Precision Recall F1
Pheme
KDRD (1 layer) 0.8024 0.7324 0.7113 0.7217 0.8317 0.8328 0.8322
KDRD (2 layers) 0.8822 0.8612 0.7918 0.8250 0.8936 0.9217 0.9074
KDRD (3 layers) 0.8701 0.8579 0.7804 0.8173 0.8732 0.9192 0.8956
Twitter
KDRD (1 layer) 0.7332 0.7621 0.7037 0.7317 0.7194 0.7603 0.7393
KDRD (2 layers) 0.8231 0.8263 0.8088 0.8175 0.8184 0.8381 0.8281
KDRD (3 layers) 0.8156 0.8194 0.7901 0.8045 0.8019 0.8299 0.8157

(3) TEARZEIRAZH, AR T, Real (MRIET) HEREEM T Fake (1B5). RETET, ML TIERE
AR, BEHIEEERAE SN, ORISR LA TR, SERER R SRR LT
eV T, LT HARSE AR FRATER RN 7 5 & I SRR SRR, VR & 2B
TR T — R A

(4) fEEHEHEZH, Pheme HHBE T ZRE T 5 NMREEMHXT RN E, 171 Twitter 204 LU
T 52 MNMEF MR FELE, NI Pheme F0HE A LM REEM T Twitter 2L

(5) FEIA [ABAIEEALZE T, BRI, R word2vec 1F J9HTaG L] N USR8 35 A0 1k BEAR G
Feiifase. HOBAE B RTE T word2vee K T Wiki &R EREHEATUIZE, T BERT K H T M58 S0 A3
Gl

F 4 BoR TPk RSB A MG RZE (12, 2 2R 3 2) ST IECE A FE RIS,
AT LLEAHA: R 2 EMESRMEMS IR T 1 2, FREET 2 EMgGils TEZ MK
5, HRME ZHNM, A R ERE ST, TR R R AT R & =28 Tl Pl . sk, JAT0
AR 2 2 BRI 2845 L, 13— HE T B R AR~ St A iR 7 X e, S35t Al R
AN e B AL B i 2%, LR RSP T LR A 2 14 RE B, T Rt X mioN T
EAN SR TESY

4.4.2 HESKRNSZINER RO
25 M6 4rHE R T H SO S R S I £ BNV ) T S a0 45 . IRATERERT S T

L.

(1) TERERL T, ASCBAE Accuracy A F1H 7 THERIUL . IEAFRATRITION, SCER ks I
TERIE AR T VEGHI 2 AIE SURRE, 1X 32 BH SURI 2 IR G548 o — /NG IR BGRAE, —/MRliE rT Re
B E S, RN B S E SO —A R ZE R 51, Seie 28 BRI R Se G B T g S
. [FIRE, fEFTE FUER AR BOW_SVM 7EFTH 4 NMFEFE R R R IR 2. BT AR EL 4, KCNN
i F BOW_SVM. F i FEH R ) KMGON-NoKDVisual FE7 14: GE AL T A4 L R K Text GCN.
TextGCN £ Weibo 4 £ i BRI R0 EHUS 7 AEH Recall 18, W E R ET TextGCN fE1E K}
JEFRASERE XS R B Weibo RS B A SCRS 5 A TF-IDF ARG, {HJ2, TextGON i ] K
FEAT AR SCA IR B EH 255, BT TextGON BT Precision {HHK, 538 E 5160
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Table 5 Fake news detection results on the Chinese datasets®

Accuracy Fake Real
Precision Recall F1 Precision Recall F1
WeChat

BOW_SVM 0.6197 0.6638 0.5822 0.6204 0.6104 0.6733 0.6403

KCNN 0.7398 0.8684 0.5934 0.7050 0.6791 0.8853 0.7687

TextGCN 0.7893 0.8692 0.6437 0.7397 0.7136 0.8942 0.7903

BERT 0.7962 0.8931 0.6334 0.7412 0.6804 0.9028 0.7760

KMGCN-NoKDVisual 0.8006 0.8697 0.6785 0.7621 0.7573 0.8953 0.8205

CompareNet 0.8274 0.8974 0.7204 0.7992 0.7764 0.9123 0.8389
KDRD_word2vec (ours) 0.8389* 0.9126 0.7355 0.8145%* 0.7943 0.9211 0.8530%*
KDRD_BERT (ours) 0.8376* 0.9168 0.7334 0.8149** 0.7796 0.9208 0.8443*

Weibo

BOW_SVM 0.6351 0.7561 0.5736 0.6523 0.6361 0.7980 0.7079

KCNN 0.7328 0.7354 0.7529 0.7440 0.7220 0.7235 0.7227

TextGCN 0.7966 0.9651 0.5684 0.7154 0.7225 0.9851 0.8336

KMGCN-NoKDVisual 0.8297 0.9029 0.6987 0.7879 0.7670 0.8934 0.8254

BERT 0.8135 0.9770 0.6753 0.7893 0.7432 0.9514 0.8345

CompareNet 0.8692 0.9376 0.8477 0.8904 0.8374 0.8921 0.8639
KDRD_word2vec (ours) 0.8901%** 0.9255 0.8100 0.8639 0.8621 0.9696 0.9127*%*

KDRD_BERT (ours) 0.8798 0.9364 0.8461 0.8890 0.8314 0.8921 0.8607

a) KDRD_word2vec indicates the vector initialization of word using word2vec; KDRD_BERT stands for the vector
initialization of word using BERT; * refers to the p-value corresponding to the comparison significance test of the reference

system <0.05; ** denotes the p-value corresponding to the comparison significance test of the reference system <0.01.

PERE— M. 1T CompareNet 427K 1 BRI P2 A 401, HEREE T BOW_SVM, KCNN Al
TextGCN.

(2) TEAS AR SRR B 2T, S AN E GRS R B 2 o B RER. BAMEN T, SRR T
6] SCi], R RAE T )OS A T RN 2 A E SUE B, A, SCE IR SCIR A5 B T DL Sk n
WUE SRR, KAEWE I EAMES.

(3) EEMRZEFINETH, KT, Real (ARET) MREHE DRI T Fake (BB F) 2. AHELTH
TR T RATE AL AN 7 5 3 F (A5 SRR AT SR iR, 75 VR S BRI T AR T —
.

(4) TEHHRAEE T, WeChat RS A AT H A P8 AS ., T Weibo S&BUIR AL X H i iR 1
WS ME T IEHE R, SAT S, Weibo WEHERS B 7 IEMI(E R, 1 WeChat H IS A A 515 i
BB ZEATE. T Weibo S5 _EHIMEREEAL T WeChat il 4.

(5) fE1A M EHILEWZT, KA word2vec EAWILE A IRIR AN B 0% S KL BRI T BERT 1
NRTER A R, R RS S s A 2R

F 7 BoR TP FESFHEMKKES (1 2. 2 B 3 J2) X SCRE S T R AR .
SRS SO IR EIR IR, SR 2 BRI EGR A N R i i, [FIRT, PRk RE LT
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Table 6 Results of the ablation experiment on the Chinese datasets

Fake Real
Accuracy
Precision Recall F1 Precision Recall F1
WeChat
entity knowledge 0.8137 0.8833 0.7099 0.7872 0.7727 0.9051 0.8337
semantic knowledge 0.8285 0.9013 0.7216 0.8015 0.7728 0.9134 0.8372
entity knowledge
0.8359 0.9034 0.7321 0.8088 0.7906 0.9208 0.8508
+sememe
entity knowledge
0.8315 0.9052 0.7198 0.8019 0.7827 0.9178 0.8449
+synset
entity knowledge
. 0.8389 0.9126 0.7355 0.8145 0.7943 0.9211 0.8530
+semantic knowledge
Weibo
entity knowledge 0.8461 0.9247 0.7624 0.8357 0.7941 0.9386 0.8603
semantic knowledge 0.8607 0.9167 0.7856 0.8461 0.8334 0.9437 0.8851
entity knowledge
0.8862 0.9254 0.8045 0.8607 0.8472 0.9681 0.9036
+sememe
entity knowledge
0.8876 0.9138 0.8112 0.8594 0.8568 0.9632 0.9069
+synset
entity knowledge
0.8901 0.9255 0.8100 0.8639 0.8621 0.9696 0.9127

+semantic knowledge

® 7 EEFMETHRNHERE EEEREHIRER

Table 7 Experimental results with different convolution layers under the average pooling mode on Chinese datasets

Accuracy Fake Real
Precision Recall F1 Precision Recall F1
WeChat
KDRD (1 layer) 0.7665 0.8281 0.6471 0.7265 0.7224 0.8692 0.7890
KDRD (2 layers) 0.8389 0.9126 0.7355 0.8145 0.7943 0.9211 0.8530
KDRD (3 layers) 0.8245 0.8993 0.7117 0.7946 0.7621 0.9204 0.8338
Weibo
KDRD (1 layer) 0.8085 0.8934 0.6921 0.7800 0.7321 0.9567 0.8295
KDRD (2 layers) 0.8901 0.9255 0.8100 0.8639 0.8621 0.9696 0.9127
KDRD (3 layers) 0.8834 0.9167 0.8092 0.8596 0.8512 0.9621 0.9033

AL

SKTE, fE9E3C Pheme AL Weibo bt & K14 REFLLF, T 7E9E 3L Twitter A1 WeChat
VRS RV AR A, S PERE AT R IR IR TN T TR (1) 9% S R e 52 TR PR ot S R s .
H, B3 Pheme BEAT 198, AL 5 MR AR BB HTIE], HHOC Weibo RIS T REE T
IEREE. ML S, 3 WeChat A1 Twitter ¥ EH T HIE R A i FH 7 WG SC, R B AH XTSI
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Table 8 Proportion of different types of nodes

Text original word node (%) World knowledge node (%) Language knowledge node (%)

Pheme 68.40 17.00 14.60
Twitter 60.20 19.30 20.50
WeChat 59.50 21.60 18.90

‘Weibo 65.70 19.20 15.10

3
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Bl 6 3 Twitter BUBRET AR
Figure 6 Visualization under the English Twitter dataset. (a) 1-layer GCN; (b) 2-layer GCN

(2) V& F A PERESZIE R A S IOV 5 S, Herh, Pheme AT 5 B S SR N BT,
H3C Weibo BB FEH . BUA . AWESE 2R E0F. MBS, 93¢ Twitter 145 52 FhAF, M
13 WeChat AL E ZRFA (BK. 9, BUA . AETESE) BME AT, BEE SRR, 13
ELoALLE S ARV IPN

4.4.3 1EEIATRRREM AT

FRATINPIAN T3 TR N 53T T A ST R S 1 T o 28 I 265 31 B ke 0% 55 199 J3 A

Ho— AV AGT T 4 A EHEEE b SCAR B B A A RRTT L 18 S AT AT 3 RS
RBTHIELE. R 8 MIGE T nT LUE H, T L RNR T s RS 5 AR SR S5 T 30%~40% (1)
ELAs, 383K HowNet (X JRAE i) BAK WordNet (L SCRl R SCRIFI[E] SCinl) 43590 5k o ok
A YAA AR ) R AT T, AR = n AR St AR BN B SO 5 T R s A SR, A
M+ e TR GRS RN, N—ERRE LA T BEmM LI m #, $27+ 7 0% 5 Re.

= AIRIA t-SNE THEMW WARSCBA AT T ol k. A TROIRA /LT GON K25
M, AT —Z GON TR A )2 GON FHIHH 2 5IM 7 Tk, B o6 A 7 48R 73
I Twitter AT S Weibo 4 T I AT LA SR, o, 35645 550K Fake 287 45 550K Real
AL, AT AR 0 A SO (i ) AT SRR (B IR RIS £, wT DR AR 5 35T
BHRX 4y, IH 2 |2 GON R T 1 )2 GCN.

14) https://scikit-learn.org/stable/.
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Figure 7 Visualization under Chinese Weibo dataset. (a) 1-layer GCN; (b) 2-layer GCN
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Abstract Rumors can be propagated quickly across online social media at very low costs, resulting in a
significant negative impact on society. The conventional rumor-detection models mainly consider information
such as propagation patterns, writing style, user credit, and world knowledge. However, the propagation pattern
of rumors is often difficult to capture, the writing style is easy to imitate, and the user information composed
of metadata (e.g., occupation, hometown, education, and age) is easy to forge. This paper presents a novel
knowledge-driven graph convolutional network rumor-detection model. The model represents social media text
as a semantic-entity undirected graph structure comprising edges containing six combinations of three types of
nodes. The nodes, in turn, contain words from an original text, entity words extended by the world knowledge
base, and semantic words extended by the language knowledge base. The semantic-entity graph can effectively
enhance the co-occurrence between any two nodes to enrich the representation of the original social media text,
alleviating the problem of sparse data co-occurrence. WordNet (hypernym, hyponym, and synonym) and HowNet
(sememe and synonym) are adopted to extend the topic words of social media texts, and language and entity
knowledge are successfully integrated through the framework of the graph convolution network. The experimental
results based on four international benchmarks, Chinese and English databases, and visualization analyses show

the effectiveness of our proposed model.

Keywords language knowledge, world knowledge, topic model, graph convolutional neural networks, rumor

detection
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