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Evidence-aware Bayesian neural networks for fake news detection
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Abstract: The popularity of social media has led to accelerated fake news propagation and expanded influence. The ex-
tensive spread of fake news not only disrupts social order but may also trigger mass incidents, posing a potential threat to
national security and social stability. Consequently, the development of efficient fake news detection tools and techniques
has become increasingly critical. To address this challenge, an evidence-aware Bayesian neural networks for fake news de-
tection (EBNN-FND) method was proposed. This model quantifies uncertainties in both the detection model and the data,
thereby improving the reliability of prediction results. The EBNN-FND model consists of four modules: a text embedding
module, a feature processing module, a news-evidence interaction module, and a feature fusion module. Thereby, it can ef-
fectively integrate the features of news context and related evidence. Experiments on public datasets demonstrate that the
EBNN-FND model significantly outperforms existing baseline models in fake news detection tasks, showcasing its effi-
ciency and robustness. It not only provides a new research perspective for the field of rumor detection but also offers a vi-
able technical solution to address uncertainty issues in information dissemination.
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RIS g B AL, P, FIR.
3 XWERSHH

ATV A T S A AR . JRAA
RIS S HOE, 8 AT T VAN 4
M, FFEEAT 7R FT,  BAUG R A SC ¢ EBNN-
FND #:2 [1) 45 Rk
3.1 ZHRE
3.1 ERESL

ASCRHA T 3L A B S 4E:  Hansen
# I f] Politifact Fl Snopes $4E &5 DL K Wang %4 3#
) LIAR 34 42, Politifact £04# 42 H % Ml id % A1
HLLA BB NI A TFE AT A, iR
B ) HERfR A A SE % . Snopes B A 42 3 T N 4%
EERGE R T ZWES Rk, IHEd CARE
ey LEMPRESHAEPER, DR IR IO
PEMI—3 1% . LIAR #4453 25 B Politifact P,
W TSRS . KEMNME R TAEIRFR. Bt
JEREE . A REGEHED RS AN RS
{5 EYN{E E . Snopes. Politifact £l £ 45 11
W1, LIAREURES I E 2.

%=1 Snopes. Politifact HIEE ST

Hd e M S A CEESE HIHE B
Snopes 5069 3642 1427
Politifact 13 581 6342 7239
Snopes Hard 357 252 105
Politifact Hard 942 508 434

&2 LIAREHERS

24 HUE

AR Liar
BE 12 836
e AR 1050
SRR 2525
R 2 641
REA L 2623
JUFHSE 2108
HE 1889

TEEHE AL B Y By, Snopes 08 5 11 b 25 R
T CES M BT, BEEEHT Z/RSR,
FHEEZ T, Politifact £ #m £ WAL 6 Flbr2s, # M
Gu—Anss, Hb CWERAR AR MY
AR X3RS — AR R, HABPRZE

WA “Es”. dhah, T HINsLIe MR, i
N JER 6 K 4 vh 07 1% ) BERT A5 20 s LAVE R 43 25 1)
FEAS, QU 7N B BRER I 7 2 46 Snopes
Hard ! Politifact Hard"™. 5 J5l450 ¥R EAH I, iX
6 Hard 3045 55 00 BBkt . T8 6 Fli et
() Liar 30448, ASCRMGE Db, N THERD
R, RSO ARBEAT 2 B I S A
N M7, &HBEREGEHIFRN “BERELR”,
RZFEN “HEER.

KL AE Snopes 1 Politifact a2 I, #Z .
MR BAFEZ L N7 020 1, fELIAR $iE4E
F, g, MR BIEAEZ #8111 1. 5K
R RESEE Bk B BARE N, RN
WA B AH S AT 10 25000
312 EBRAKKE

AR PyTorch VR B 2% S HESE (hA 2.0.00
G LG &ME JJE K, {£ NVIDIA
RTX 4060 Laptop GPU #4755 . Al S 40 s
3.

x=3 AASKLE

LI el
WA 60
AN RN 64
Clip 0.8
BN IRNYERE 800
e = 4 800
HEIIREE 8
R H 1
MR KA H 100
AL SGD
IR 0.05

3.1.3 IFH4EAR

AR Z P TR AR PEAG A Y It R, B i
% . F1-Macro Al F1-Micro 73 (. 7E B 5 S A6
Wb, mRE R OR T R 2 By “ B ARG
B PIREARRIESYE, SE RS T K2 “E
RAGE” Be#inl. F1 20 BUE Nk R A B 2
PRFITIME, St T — AT R E, 1
FEAR A A EHEE L, Fl-Macro R H 255 2%
J& T RN RN RI, 2 A5 A W VEAL TR
bro Bk, 7EREERAE BRNMESH, Fl1-Macro f4
P B BI04 TH Hb s e — ML 1) B D
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3.1.4 REAER

N T B RO P EBNN-FND J7 25 ) 14 &g
ASOHG 5 LR LR AT T X AT, AR
Politifact 1 Snopes £ 5 147 7 5256 . Snopes Al
Politifact FEZ AN L W7 4.

%4 Snopes #l Politifact F4AE R X EL

wom Snopes Politifact
F1-Macro F1-Micro F1-Macro F1-Micro

TRF 0.550 0.271 0.310 0.304
GLSTM 0.529 0.253 0.288 0.294
BERT 0.599 0.691 0.621 0.621
MAC 0.658 0.681 0.573 0.612
DeClarE 0.594 0.603 0.601 0.629
GET 0.636 0.660 0.618 0.636
EBNN-FND 0.661 0.715 0.666 0.668

(1) FETHESBEHLARM (term-frequency based
random forest, TRF) U TRF J& T P 1115
ARAFSAESE B BRI ST, JF
DAFE JE ANl B R br g A T I 5.

(2) GLSTM (GloVe-based LSTM modeD P
LSTM FI| FH 151l 5 1) GloVe B8 % SCAZEAT RN
W A5 BANIESE 7) B BRAR 28 [F]— 7= W], IR
IR LSTM HEAT 45 o

(3) BERT™: BERT it idf 78 K H A S0 A K047
ERWE ), WERE S AMIE R . BERT B
FAE T H X7 Transformer ZE M4 B8 4T % & 1R
AR, AR R RN o

4 HTHEERERNTEZ RTE M
(hierarchical multihead attentive network for fact-
checking, MAC) " MAC & MG & LRt =
JIHLH = A MHA 25

(5) FETUEHEBRANER L 257 = 1 R BORT 6] 5 £ iR
IR R4 (debunking fake news and false claims
using evidence-aware deep learning, DeClarE) G371,
DeClarE /& — it i F R 580, H 3 prG E
A E AR AE N, AN T TR AR E EL
i) it

(6) JE=T EIME A2 HESE  (graph-based
semantic structure mining framework, GET) ", GET
I EHEZRR R 2R Al 5K, ld (5 B 5 iR
S EEERSY P BN R (S

FE LIAR 5 46 I, ASCHR H ) EBNN-FND

5 PU R BRERER Z BT T, Hd,
Z 05 2 28 R ABCHT [ A I (multi-source multi-class
fake news detection, MMFD) & i Karimi 2% #2
O GG 9%, LIAR FEZR RIS EL L 5.

%5 LIAREZIERINTEL

ZHE IR FELR AT HERf 2R
SCHR[39] GNN 0.268
SCHR[35] CNN+LSTM 0.274
SCHR[38] MMFD 0.348
SHik[40] BERT 0.406
- LSTM 0.399

Si[41] LSTM-+Attention 0.415
SLiRk[42] CNN+LSTM 0.437
Kk EBNN-FND w/o FZ 0.448
EBNN-FND 0.460

3.2 X
3.2 EARMAE

FAMZE 55y HE7R T EBNN-FND 17 53 2k
iR 7 Snopes.  Polotifact £ 4% £E I 1) F1-Macro F1
F1-Micro Xf tL &5 5, DL TE LIAR $0di 42 b iy v
R g B B, 7E Snopes F1 Politifact %%
P 4E I, EBNN-FND #BUTE BT A WAL FE AR 3540
THAWBIAY; 7E LIAR ##54E I, EBNN-FND #%: 4!
IHER R AL T Ho A 2R . SRanah R, 45
4 Bayesformer F1 WL i —iF $i% A2 B A £t 1) EBNN-
FND B8 2T 7 R 845 S A MR RE, B dh L
AR T RIZbsth . BRI S, 7E Snopes H#fi £ L,
EBNN-END #% f{] F1-Macro 1857 4 66.1%,  # HAth
FLA Y E H 0.3%~13%; F1-Micro #8454 71.5%,
B HoAth T2 B w5 Y 5%~44%.  7E Politifact 235 5
k., F1-Macro f6¥5 4 66.6%, tbILAhRE LG iR 5
5%~35%; F1-Micro 48455 N 66.8%, bt H A K 25
AU 3%~36%. fELIAR ¥4 45 |, #ER R Iahn
N46%, AL S H 2%~20% .

BbAh, ASCEHAT T RHIE R S AEA B e
WEMR, B EBNN-FND w/o FZ 574 . %3k ] 5]
L EBNN-FND A Et, @R/ THRRER AR, B
WS R PR RN T A 2 DRGSR
45 5. AT LA I, EBNN-FND w/o FZ [ #E
KBS EBNN-FND A 4675 R, (HAR T HAh
SRR RIS B Tt . 1SR B 5 NRELER] T
EBNN-FND HE 22 FrREfiE 4 BUBTH 3 2, tHE
B TR E TR S AT I A R
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PLEgE R EH], LSTM. TextCNN 5 Transformer
SEHARE BT A K AR R, JRE
B AINUHIR BN T 5 SAE S A B 4, ki
FEFHERE
322 HEkEik

SN IE BR R AE Kb BRI G RO, AR SCHR
EBNN-FND # 8 (1] 3 #4844, 43 5] 4 FEN 2 UL
itk . MHA 2 DU B Ab AOE DUk i de 7 vk, Bt
A 7 V2 AR ST A E AT DU ik . ZETCERAMIE
P A, EBNN-FND A {E R4 ¥ F1-Macro
A F1-Micro faFrXt b B 4 Fros

4750, 7EPolitifact $dfi4E 1, MHAZS4A
7 F1-Macro fil F1-Micro #§ #5 43 BliE 2] T 61.1%
F168.7%, FILLT JG UL Wi 1k 1 FFN A2 4k 78
Snopes ##i4E I, FFN J77A7E F1-Macro F1 F1-Micro
T HR B4 515 5 59.9% H170.6%, 1T 76 ULk
ATMHA A SX B DU 4k A 33 ()7 B 5 AN R 45
ARSI %52 . (M, 7 EBNN-FND# A&, A&
SCHF FEN 2 MHA 235580 7 U fifb db 2, B/
FFN+MHA. % MHA ZZ {£ 7F Politifact % 4% 5 1)
F1-Micro 6 ¥riEE] T 68.6%, it 7 EBNN-FND fi
A1) 66.8%, {HLEF1-Macro 8¥5 AV N 61.1%, A&
F EBNN-FND # 7 [#] 66.6%. X — 2 5 o] GE I T
MHA R K B B A E PR, MTT 2% 20 21 T W AR
PR RSB, T F1-Macro fi b4 &%
& T & BAFI, MHA BRI EEIA
M, T A UEHE RS BRI W bR R ARG, TR

0.615 0.611 L e
2 0610 ]
€ 0.605 W EEN
% 0.600 [0. MHA
R~ 0.595
0.590 e
Snopes Politifact

(a) F1-Macro

PR 50 A R R RO R, RSk T HA R
KA, #EF1-Macro $545 NHEATRILE, ¥4 1) & 10
Hedi 157822 4 v EBNN-FND & T8, Bk
Ui, B4 (a) " Snopes HE4E T R KE N 59.9%,
/INF- 3 4 F1 EBNN-FND £ 84 7F Snopes (4 5 H 11
66.1%, K4 (a) rf Politifact B4 5 (1) i KAE A
61.1%, /T2 4% EBNN-FND I HI7E Politifact 54
B 66.6%. XK T IEAE WA BN KT,
EBNN-FND /] F1-Macro fats/N TRl 1 b 50 5
BINIILER, VelE T WS —IEHEAE AR A 20
N Y #E— 4 5 4F EBNN-FND J5 32 i & it ,
ASCEE T ISR EHE 45 ) AR B LU, AS[R] EBNN-
FND 78 7 75 9 A PR HME 08 5 b xd be n B 5 B
Bl 5w 1) mark 2 7 I 2R 508 45 () OR BE L, dn
mark=0.5 FIRFE M T ERIIZRE R 50% 247125
TE B R B EL 9 v 0.1 5 0.05 I, FFN Al
MHA R 7E AN B 4 1A 00 DU B A6 2%
VIR A, @EEOLT, FENAIMHA 244 (1)1
e L 00 DU b AR A . X R, TEiR AR AT
FEN )=, i&/2 MHA Z 1) DU b 21, ¥ RedE —
SEFERE b AR v B AT PR HEREAS 1) 40 28 MR B, 3X AT
RE VAR UL -$r 4k 77 v R 0% 58 A AcHb Al B2 250 A1
SEPE, BRI AL RE SR B R
1575 FEAE YR N1 L, EBNN-FND A A
AFARTE LIAR 04 4 L %f bk L% 6, EBNN-FND
AR ARARAE B N X L W 7. Hrh, CB#oR
CNN-r] KL 12 22 9 2% (bidirectional long

0.72 0706 (686

m C Ol Atdrfk
5 0.70 0.644 0.687

5 0.68 [o.665 %67 m FEN
S 066
; MHA
T 0.64
0.62
060 Snopes Politifact
(b) F1-Micro
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o 0.46 045‘2)‘456
5 045
S 0.44 1y,
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= JCUL 4L @ FEN = MHA

1.0 0.5 0.25 0.10 0.05
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short-term memory, BiLSTM). A% it | EBNN-
FND 1% 24 [ 5 Ff A8 44, 43 )] 9 TextCNN+BNN,
BNN+TextCNN. BNN+BNN. TextCNN-+TextCNN+
BNN 5 TextCNN+TextCNN+CB+BNN, fF ixX &4 45
e, ANIEIESE 1) SCAME BRI B A g 1)
A R UEEAS B, IF 50 S A i AT
REH, PEAERFEW S ESERE AR B, bES
WINFHER A 25 AMNFUEE SCA(E BX R 2 A
RS, D23 BN S BB, K 43 20 W s —UE
A HFFAE M B BT IR G . LA TextCNN+TextCNN+
CB+BNN A4 441, W 15 2 H TextCNN A3 5,
5j TextCNN. BNN fll CB M4 5 3T RERS
B, JER3MRHERE, FERARERG .

%6 EBNN-FND A [E]ZE{R7E LIAR 3B & LR3It

feir W% Fl-Macro Fl-Micro 5z 7 m%
TextCNN+BNN 02273 01692 02273 03223 02078
BNN+TextCNN 02644 02410 02644 02918 02463

BNN+BNN 0.1965 00631 01965 00707 0.1663
TextCNN+TextCNN+
02526 02150 02526 02801 02338
BNN
TextCNN-+TextCNN+
& & 04467 04546 04467 04810 04463
CB+BNN
EBNN-FND 04601 04581 04601 05335 04571

K 6455 H o, EBNN-FND 7E & it fetebr b
YT A ARk, R AR . (1) EBNN-FND A
INFIHAMNEIFE CA S R, BB ETHAEE, 1

o AR UEE A A T ER AR AT AT RE ), BT S A
SRS BRAESI CARE R, 245
REAE, P2 AR AL R B SRS F fr R A
PE; (2) TextCNNAHE T BNN, B3 & il 2 W0 55
SCARKFAE,  FAF KNS T RESE I N-gram F
fIE, Ak R 6 4r 1iF 2 Y AE (3) BNN M # T
TextCNN, B 3d& & 92 SN JEE 35 SCARFE, BNN
£ F Transformer, HA 5 K CAKREE ST, B
AR E M, WRKEEROCR, HETEE
JINUH 4 R Rt e g SCA, IR ANFRRFIRI A BR3¢
G HbAh, BNNER R G A M A
FLAE A B2 FEAUE IR SCARR SR 4
323 RALG T

TEML RS 28 B b i) 2w AR, AR
FINTHESEONENAERE, AFZK4T, EBNN-
FND 7 M s 5 E Rt RE L i 6 s .

M6 FTLAE H, #5% F1-Macro £ 4 1 E 4545
HATIESRE, 1E Snopes T, 1=0.2 M HILAH K
8, F F1-Macro 845N 65.62%; 7E Politifact £ 4
g, A=020 M KME, H F1-Macro 545 4
66.57%. LAk, BEEAMERAWIK, SiERH 2
N TSR

4 Z5ERIE

Bt X R B S AN A N 45 2R R A A
A Bl A RN E X LR AL R, AR

%7 EBNN-FND RETIREZHMNIESTEE

R WA HMEAESE SCAME R HMEIEE S S B
TextCNN+BNN TextCNN BNN x
BNN+TextCNN BNN TextCNN ¥

BNN+BNN BNN BNN TG
TextCNN+TextCNN+BNN TextCNN TextCNN+BNN ¥
TextCNN+TextCNN+CB+BNN TextCNN TextCNN+BNN CB
EBNN-FND TextCNN BNN CB
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7t 07155 0.71830. b”()_7|2l()'7|” I().7I()8 0711 4

0.71 oo 0.6993

543 o ccq 0656006561 5 6523
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