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Explainable Multimodal Fake News Detection Based on DeepLIFT Algorithm

WANG Yan', YING Long’ '

'(School of Software, Nanjing University of Information Science & Technology, Nanjing 210044, China) )4
*(School of Computer Science, Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract: Currently, most explainable multimodal fake news detection methods overlook the further research and
utilization of explanation data and cross-modal features. As a result, while these explainable fake news detection methods
provide explanations for model decisions, their detection‘performance does not surpass that of advanced multimodal
detection methods. To address these issues, this'study proposes an iterative explainable multimodal fake news detection
framework. This method consists of a main model and an explanation module, both of which receive multimodal news as
input. First, the explanation fnodule uses the explanation data calculated by the DeepLIFT algorithm as one of the inputs
to the main model, contributing to the decision-making process. Next, the main model calculates cross-modal relevant
features and cross-modal supplementary features through a multi-task network framework. It refines the cross-modal
supplementary features by re-weighting them with the coarse prediction scores from the cross-modal relevant features and
combines multiple features to make the final model decision. Finally, the explanation module trains by transferring
decision knowledge from the main model by using knowledge distillation. The main model and the explanation module

are trained alternately, forming an iterative framework that enhances model detection performance while providing
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decision explanations. Extensive experiments on two publicly available fake news detection datasets demonstrate that the

proposed method outperforms state-of-the-art multimodal fake news detection methods.

Key words: multimodal; fake news detection; explanation algorithm; knowledge distillation; feature fusion
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7) for j in range(M) do

8) I IR AR ISR IR RS B TR (64n).
9) for k in range(N) do

10)  WHHELE D HREELL T, 5]

1) [owi0cat] = DeepLIFTUM(, T))

12) [7, Sm]=MM(U, T, ocdi, Ocdt» €xplain_data=True)
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13)  WHEBREE L, Lk, Lreg

14)  ffH Adam HRALEE EH S H 0mm
15) end for

16) end for

4 SEIG Sek o
4.1 IIEIBE

ARSI A% FH SO B Weibol RIS B 42
GossipCop!H F I Z A1, Weibo HdE 465 A T
WIZRH 3749 45 FLHTIEI AN 3783 28T El, LA K F-lak
1000 25 fECHT IR A 996 2% FL3HT ], GossipCop 4 & 0
THT IR 7974 S FLSHE A 2036 2508 A, A
S T-ICH 2285 2% LK [ A 545 S4BT IE], FRAIT
o F AR 9:1 (1) B8 43 D Il 2 58 A a4 e
He 25 NPREIR 1) 77925, AR S 454> B s S 093 4 1
2 [ 5% BRI %4 F GossipCop I 254, LU I 5 B 1
O LE A BT 4:1, FRATH B VL A 0.80. [FIFE, Weibo
F 115 A 0.50. 36K 16 B £ FF - ML T90000 45 e 52
B S EUR R 2R
4.2 IWIMNERSCINMET

ARSI FTA SER A B A1 R . 2484 Linux, GPU J&
NVIDIA RTX 3090. FA'1{# ] mae-pretrain-vit-base £
BT R AL FE. ] bert-base-uncased #5254 Ak Bl 2w %
PEAE, X SO dE 2 ] bert-base-chinese 17 347 4
. (12) WAGHEZSH, R e R E N e = 0.025.
4.3 MHEESHT

FAME A Accuracy. Precision. Recall F F1-score

X ANV AR AT R M BE TR, Horh Accuracy & |

EE .
431 JRRHOR 2

DeepLIFT A0 (A P 5 o Hh Fr 0 N B
TC43 TC S BN A B0 TR A TR RS oh | SO F % A 570
JE AR YA token, MR P25 RN B 7T 2 AL FE S
(IR (11% 2. DeepLIFT 87, 3K/ MEAHA
BT I E R AN, AR SR . R 1 4 B 5
FALAS SN BT P 4 B — B0

P R AT AL SRR I . R R & R
TR, SCAH B KRR . 3T SCA 2, H token [ LB
VAR BRI, TH2 FOR IR B3] (1 50 B, #3759 4 0 — 4k,
AR P HA) M0 8 BRI 24— A 20381 7 SC A o 28
PN HOR T BB I, 3 15 AT IR . % T

-

B, LEGE R SR EE S HORT BIER, 42
AT .

S 25 SR AR B A ] 3 BT s DA PR SCAR B A
PG 0 £ AR PR DX 3 AR AR L AR il BT 1 N DG v
(R B 3. B 3 R IR RO S B R IR R 43 2K 1, I
HAZRE R IR 7 AT AR A A0 2 F ARG A 0
HEE E B 5. A28 0 B8 ] SR A
BN Z EAAAE— € AH G, 1n1& 3(a) P, “Rr B
SR B RAR A & BEOGE R CA. 7EET 3(b) P
R I o1, DK 7, SO 74 25 56 T R
1543 5 I A A /DN, R T 22 A el S
LA, e 4 A 2 e ) S
P
432 XFHLSE: 2R BORT Rl 77 2

TEAT Xt LU 10 22 A2 (BB I AR W 5 9247 - MCANU?,
MCNNEY EANN!L CAFER?, BMR!Y, SpotFake+!'™.
X1 BN T AP B 7 AN TV AE Weibo
GossipCop ##i % I Accuracy. Precision. Recall #ll
F1-score HIVEMT FaARE. 7T LUE B, A J571E7E Weibo %
Pa4E 1 Accuracy 1H /2 92.5%, 7E GossipCop Hi4i 5
1 Accuracy i /2 89.6%. 5 BMR J7ykAM b, 1% 7%
£ Weibo £ % MEFREAAT 0.7% K UL EKI5TE,
TE GossipCop F% T Recall, R IIBFEH 0.6% K
BA_E R T SR, S LR A T A 7
ARG, 78 Weibo $i#@4E b, FRATTM 74 Accuracy
& 7.2%,‘X£‘Recall A4 6.8%. GossipCop 4
£ F, BATHITT S Accuracy F i 3.3%, 7E Recall
- 3.4%.

SEIREW], ST AR AL IR 5 R ME, X1
AT e s 0 B A AR PR 28 SR 1 A SRR e s
77155 HoAth 22 S A U 7 v AH L e S e
4.3.3  XFLUSEE: ATRREARCHT R A 5 vk

A1 MAE A EHE T b LR 1 LR & 3 9 T A
BB [ 4G I 77 v dEFEND™, EDI', ESPCN'. 4 4%
LS MK, F Weibo HH4E F, WATHIT7
1% Accuracy Tabrfi 8.8% W4T+, 7E Fl-score fatr I
H 7.8% HIFETt. AR RE I AR T IX 8757, #E Gossip-
Cop ##4E b, Accuracy thiX e 5k mE H 4.3%, F1-
score 1EAR B 7% BT, HARFE R A B2 e .

51X Se AT fif R 22 A AT T AR B, AR D5 VE AR
I T iR B, oof AR [ AN AT figf e 40 2 47 8 5
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HfE AN 78, $3RTT TRV RE. SRIRUER] T T I UTE
(R REAIC TSl BRI A 22 B A R 7 V.

F 1 AETFIETE Weibo FHE R GossipCop
AR X b

HEte WARES Accuracy Precision Recall Fl-score

MCAN 0.899 0.844 0.847 0.845
MCNN 0.846 0.898 0.899 0.899

EANN 0.827 0.827 0.827 0.827
. CAFE 0.840 0.840 0.840 0.839
Weibo

BMR 0.918 0.912 0.909 0.909

dEFEND 0.794 0.811 0.755 0.782

EDI 0.879 0.910 0.908 0.907

Ours 0.925 0.924 0.921 0.922

SpotFake+ 0.858 0.839 0.844 0.830

EANN 0.864 0.850 0.868 0.854

CAFE 0.867 0.856 0.863 0.854

GossipCop BMR 0.890 0.886 0.894 0.887
dEFEND 0.863 0.869 0.845 0.849

ESPCN 0.843 0.805 0.819 0.797

Ours 0.896 0.894 . 0.892 " 0.893

%
4.4 JHRRSCIG pe

AT T 4 BRI S (1) SOk
. BB AR I IHE. R TIM. (2)
A BT BEEAS AT RN
fiE. RN TIM+C. (3) XA X B . s
HICHRAE . BS R AN ED Bib. %5 TIM+C+
ED. (4) FiA 403 55 WAL A & (BRI 77 i8), T
9 Ours. FATRIL, FEZREA ) HIIN, H e
EWTHRE. ST LS BT 2 R 3 R

2 Weibo Fi¥a4E b Ml sLIn 45

BT ANFEAE A, SHE TR A AR, (3) Fl (4) 2
1 4 Pl 26 25 7 TR O 1 A B 5 A 75 7T A
T T U B Y5 S0k A v S8 26, i IE
U4 AT LA Lk 75 125 L i i E R P R 2 AL
45 ERZH

PR — Rk AR R SR, K oh A ALY 2R Tl
R AL [ SR AR R B AT, R T U 2
. RV 50 I 2 () R ILT E AT b
ISP ¢\
2R IR 43 14 FH Weibo FlI GossipCop 4 4
VI 6 . 45000 VA5 198 1T Accuracy, Precision,
Recall 1 Fl-score fEARULITVFf. % 4 A1 S 4 T
FT o R R R AN VP S8BT 0 VE I B 1 2R B
1A, X LR bR S AR TR T Ra .

K4 Weibo Hiadk I s LsLif 45 R

Number of iterations ~ Accuracy  Precision Recall  Fl-score

1 0.920 0.914 0.920 0.917
2 0.922 0.921 0.917 0.919
3 0.925 0.924 0.921 0.922
4 0.923 0.922 0.922 0.922
5 0.924 0.924 0.920 0.921
6 0.923 0.921 0.923 0.921

5 GossipCop #uffa £k b HIEAUSL I 4

Number of iterations ~ Accuracy  Precision Recall = Fl-score

1 0.893 0892 0890 0891
2 0.895 0.895 1 0891  0.892
3 0.894 0.892° 0894  0.892
4 . 089% 0894 0892  0.893
5. 0 L 08%4 0.895  0.890  0.892
6 0.893 0.893 0889  0.891

\

F1-score
Test Accuracy
Fake news Real news
TIM 0.917 0.915 0.916
TIM+C 0.920 0.918 0.919
TIM+C+ED 0.923 0.921 0.920
Ours 0.925 0.92ﬁl ) 0.923
) — 5
# 3 GossipCop HHEEE I 111 RS Ie 45
¢ F1-score
Test Accuracy
Fake news Real news
TIM 0.888 0.655 0.934
TIM+C 0.891 0.670 0.935
TIM+C+ED 0.893 0.682 0.938
Ours 0.896 0.686 0.945

(1) 1 (2) Z 8] L3 B R A T B AR A A b Fe A AIE 2
TP TR AR B e 45 BAESE T TR A SR A
P LS AN FUARFIE A7 VR B AP, (2) FH(3) Z IR EL L
HSE T B 25 A R B S 15 T DASR e R A )
TP, &5 AR A, MARE AN X 32 B L f AN AT AR I R AT

168 4 AR H % Software TechniquesAlgorithm

DB 4RI S RET 6 M MR
. P x BRI AR UKL, I 5 R x
(OB 4 FRBRLERE T 5 4 K, y HOUF RS AT
Broe RS, IR 4 ASERISHE.

0.94
093
= | e == _—_—:-"!' '__‘___.:z—_ﬂ‘-:-,_——_:_:—-_— Ee—
% 0.92 = Ty
:]E o ~®- Accuracy
—< Precision
0T -# Recall
Fl-score
0.89 — . . ) ; .
1 2 3 4 5 .
R
K4 Weibo ¥t L3throy s (v ) 5
IEARUCEL (x b 9 Hh 2
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ISR IGAE 1, 2T IR WAL B 2R B 1k
T, B RIR SR BURT i B 553 3 U e P R A 2 (1 i
JERIHT, Be e 5] AR B 4 e 8. i SR 30k 1%
HEZR AT 2

091
0.90
ﬁ 0.89 F u——”"/ \u\.iﬂ-
i~y
E 0.88 ~®- Accuracy
—~< Precision
0.87 -# Recall
Fl-score
0.86 * * * * *
1 2 3 4 5 6
IEAIEL
K5 GossipCop a4 Liatn 2 (v #) 5
IEARIREL (x ) A2k

ghiih :
A T ﬁ%?ﬁt’?ﬁ%lﬂﬁ—fﬁﬁ‘%ﬁﬂ:

K T ARSI AR R B A2 2% ) B RS R R R U\'L/\
BT . AT AR R BRI R, 5 32 AR f) T Ao
BT R R ORSF — B, FFEAT HERL, /AN AT AR A b
HINTE. 38 2 A 55 5 30 R 3R AT 195 4 25 A S R Ak AN
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