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Multi-source Heterogeneous Data Progressive Fusion for Fake News Detection
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Abstract Social media platforms are inundated with a vast amount of unverified information, much of which originates from he-
terogeneous data from multi-source, which spreads so widely and quickly that it poses a significant threat to individuals and socie-
ty. Therefore.it is crucial to effectively detect and prevent fake news. Targeting the current limitations of fake news detection
models, which typically rely on single data sources for news textual and visual information, resulting in strong subjective news re-
ports and incomplete data coverage,a model is proposed for detecting fake news by progressively fusing multi-source heteroge-
neous data. Firstly, multi-source heterogeneous data collection, screening,and cleaning are conducted to create a multi-source mul-
timodal dataset containing reports about each event from diverse perspectives. Next, by inputting the features obtained from the
textual feature extractor and visual feature extractor into the multi-source fusion module,a progressive fusion of features from va-
rious sources is achieved. Additionally,sentiment features extracted from text and frequency domain features extracted from ima-
ges are incorporated into the model to enable multi-level feature extraction. Finally, this paper adopts the soft attention mecha-
nism for feature integration. Experimental results and analysis show that the proposed model has better detection performance
compared to existing popular methods, providing an effective solution for fake news detection in the era of big data.

Keywords  Fake news detection, Data augmentation, Multi-source heterogeneous data, Feature fusion, Sentiment feature, Fre-
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v=SumPooling(U" f,, V" f., k) an
HA, SumPooling (k) FARFM KN bk I —HEEEE
FE o EPATRAMAL . EZRRZ 5 5 A— 28z
(visual fc2) AR VHEE v 09 28 B L A= 0 58 38 SCRHIE B & R
fimugc:

Simage =W © ) (12)
Hodv W, K visual fe2 B9 4
3.3 ZERFMERR

AR AIT Y B R AR A SR AR AR b X AR B Y R
R AR YRR BRI, AT N B IZ A EF S, AT
TEFEAE JF 4G BOHE 1 48 HURE B R AE AU AE . X RHIE AR %
18 7% K ABCHT 1) Th TT B A R 4 1 R AR R B O &
3.3.1 M RAFIERR

B SCAE 2R A R R R B T R TR
AT LR3I ) SCAS A7 S e, B B DX S0 R A1 CHT T R S
B . R AEOHT I E A TS B S ek iR S B TR R
Sl E IR AL MR SR N R ERE WL R F I, K
T {# F Senta-BiLSTM (Senta-Bidirectional Long Short-Term

Memory) B B X J5 46 35 ) S A #E 4717 SR 43 28 000, 45 3 SCA
5 BARHAE s

s= Senta-BiLSTM(Ori,.. ) (13)

B 5 5l A— 2% R (senti fo) , FH T I8 2 15 JBRUFAE s
B 48 BE S DL AR 0 26 08 SCAS S IBFRAE f con -

Sami =W o 8) (14)
HoA W, senti fc AR 5E % ,

3.3.2 SABMAFIER

T AT T A A 3 o B M R A AR R SRR I A Bk
i, KERFFE IR, B B Y TG0 H 2 AE A A ) B
TR TG ER AR BRIt 385 43 BT 35K S A S8 R A, 7T
VU 2306 D o PRI AR 4 % AR A O, o AT I P 4 8 e
XA (2D-DCT) 4 B G I 5L Uk 19 25 1] 358, 2 7 2 Ak o 03 388 2
/R HAH A ResNet500 A5 A4 Sy KR A S AR . 35X — 458 A A
SIAT 58255 2 ML N & 44 . R 0% 55 A7 &0 1l $2 KR R il 5
HEE . i 2D-DCT #4 EHR BEAT #e e, I 5 ResNet50 £
R Z2 JORERRAE 38 HUCRE Ty A4S AL R T ARRIE BRI RE T
B JE 5] A —AN 43 )2 (freq fo) o LR 3 40 4 55 1T 14 4 BE A
M5 3 EHGAIRAE foreq -

Fireg =W s+ Rreanesso) (15)
HA, Reoneso B ResNet50 $& B BRI R 1E W, o8 freq
fo B AL A R
3.4 HEERSY R

SCAR SRR AL FHRL B AR AE 7 R Al BT TR A 0 o 8 O 4 A A
L AB AR R A R R X2 AT 55 A B AR STk, Ay 5]
AR B 3 B SR DX 3 AN [ 2% 7 78 R BT I 4G DU e Ay o7 R AR
BE . Z AL o T3 AR AR 43 S A3 FEAS R B9 AR
oo % M AR I R — A A RoR ro HitE S ®
.

Atin(f)=v" o(Wf, +b) (16)

@ — \gxp(Attn(f,)) an

J%:lexp(Az‘,tn(f,v))

r:IZV)la,f; (18)
Ho N RRFHER S f: RRE  DRAE 0, RS A
FRIEMEE RS veE R BRI My, we RYRR
SHUERE b W2 00, 3R RoR r 28 S i B I a;
T XA RAE R RR f BEAT AR B R

Mo s R — A softmax WG RN S EEE H T
IR A R r AR AT R B SR B A R, B
L

3= softmax(WX r-+b) (19)
o W3RN 4 1 4 2 A A B L b 2 B0

A5 ot 3¢ X K§ (Binary Cross Entropy, BCE) fE &
P25 oK, 30 o e /NG O AR 28 5 B SE AR 48 2 TR 22 kA
e, HibamT .

K
L:_hgl[ykl()g(gk)Jr(l_y")lOg(l_‘;\/k)] 0

oo K F 5 I RE A (9 R ye AR FREA 19 T SLRAE L v MR
FREHL ) TN A7 2
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4 LI TERERERST
4.1 HiE&E

ASCHT B SR ok AN T8 BESE 28 T & Biendata, i
BRI R BE S BB TR TIBCE KA . JaUR B R Bl
AL T 2019 4F . g B OR JO 8 B9 S IR 0 A T A L S B
BT R B v il — 98 43 T SO T 5 R 2% 1 He R
I W A% T T SR IR N B . B IR AT RO L R IOE T4
— U 2 M RE . B AR R 812 /Y LU 23 S I R AR 0
M. 21PN T HIRERSITHE R .

x£1 BHEESRITER
Table 1 Dataset statistics
% 2 & & R E
A& 8039 1961
H S 8230 2106
% R HE 19527 5509

4.2 ZWiEE
ARSI 2 A

* 2 EEIREE

Table 2 Experimental environment

% # A
o 12 vCPU Intel(R) )?eon(R) Platinum
8255C CPU @ 2.50GHz
7 F RTX 3090(24 GB)
FETFE Anaconda
EE AR Tensorflow, Keras

FEREERTFE Python, PyCharm

4.3 SHEE

A LLUE A 2R (Accuracy) K 1 % (Precision) | A 7] %
(RecalD UL B F1 {H (F-measure) 1E 5 ¥F 4 38 #5 3k 3F £ 15 80
PERE .

TEAEFI YN 25 B b B epoch 1% 8 9 10, batch_size ¥ &
M 128,22 R E A 0. 000 1, [ At R A dropout 45 1E U 4k
ARk A . XF SCAREE 3T Keras f) keras-bert
i, 3 N 28 bert-base-chinese T Il ZrAE 5, LLA: A%, 768 X 1 4E Y
SCAS [ IR 1 LSTM AR A 2 I SC A RRAE , b e i 2
HITRNRE R 64, BIRK/ING — TN 224 X224 X3, 4
VGG19 A5 T b BE, i 4k 3 R 4096 X 1 A9 H0 58 45 AF  IF 15 45
VGG19 ZH et WA, RN REm & )F RN T —1

FEREE PR AR R R 32, I softmax i BR BUE
328, BASHMRARA T Adam LA .

b2

AR SR 2 S A A 5 T 4R ) MHDPF 5 A 3 £ ¢
FOAR Ay AR PSR DL R SRS, TR AR
W KXt 22 R EE 1 Ak BRI LA, B O S G 7E DR AR HiE T AT
4.4.1 EHEEIER

D Textual-Word2 Vec: 1% SC A B B AL fff FH Ji R 58 ] S 4%
PEAFAr 25, I Word2 Vec ™) ¥ 37 8] SCAR 5% e b 1) 1) B 4R
JE i LSTM 2 ICATE AR B .

2) Textual-BERT: A ] F 53 — LAY Textual-Word2-
Ve, 3% 3CABER T HI Y 25k B BERT 42 B i &

3) Visual : #0056 455 A0 A0 I 0 D) PR E A7 40 28, R
FWINZR VGG19 9 4% 42 B G A 9058 BRI
4.4.2 B3EEHER

1) Simple Fusion: i i 4= 3% 42 )2 1 B 9 Fi o0 450 25 4% 40E (1)
A FE AT BRI SRS A A SRR R A S T 4 2R

2) Original and Multi-source News(O-M) ; iZ M RIZE Sim-
ple Fusion (3R [ 4k S5 I 22 U5 SCA FRAE LA T 22 V500 3 1
TELVE & 205 2R HE . BG40t 4 3% 45 2 0 X SRR AT
G — % 8 22 A0 [ 1) 46 B O R AT DR IR U A BRI 25 %
rh AT 45 TR

3)att-RNNT Z R 53 51 A FE 2 7 HLHR Ala oA
ER LI AL A bR SCRAAE . ZEAR LI BB T A AL 22 B
TCE B ER Y

DO EANN AZ AR ] 20 450 45 REAF $2 ST 18 B I 4G I 4% A0
FAF RN 3 A AR, FEARLE PR T A& G
% ) &% B9 EANN ZE 4%

SYMVAE ZB R 3 AN G5 20 10 40 i, 4 B 4% 1 53 0%
SCA T EIG 5 Be hy 1) i RN L S 4 T M AR TR R S
AR P o B AT TR ARG 0 25 ) FH 2 20 30 0 e SRR AT A

6) MANN . iZ A8 B il i) T — b 3 F 133 2 7 ML Al &
J7 5 38 2 T 5 SCA A ER 22 08 1 A B AR o RS
HYRRAEHEAT LA
4.5 ELHERRNW

2 3 BTk 4R A TR A AR SR T AE BHR AR 100 1 R 4
o P PRANIC S TR Hr e AG T 2% A ok B S, DL RAE R R R
V7 L S L RO 0 B L [ S FL AR

4.4

# 3 MHDPF #8528 ity %) L 45
Table 3 Comparison results between MHDPF and baselines
Method Accuracy Fake News Real News
Precision Recall F-Measure Precision Recall F-Measure

Textual-Word2Vec 0. 864 0. 881 0.831 0. 855 0. 850 0. 896 0.872
Textual-BERT 0.938 0. 946 0.924 0.934 0.930 0.951 0.940
Visual 0.634 0.593 0.772 0.670 0.704 0.506 0. 589
Simple Fusion 0. 883 0.915 0. 834 0.873 0.857 0.928 0.891
O-M 0. 896 0. 889 0. 896 0.892 0.902 0. 896 0. 899
att-RNN 0.903 0.933 0.861 0. 896 0.879 0.943 0.910
EANN 0.911 0.909 0.907 0.908 0.913 0.916 0.915
MVAE 0. 895 0.919 0. 857 0. 887 0.875 0.929 0.901
MANN 0.917 0.928 0.898 0.913 0.908 0.935 0.921
MHDPF 0.969 0.973 0.962 0.967 0. 965 0.975 0.970
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3 gk S5 6 F AT LG 7R AR SRR 5 T L Visual # A
Y #E B AKX T Textual B # (Textual- Word2Vec #l Textual-
BERT) iy 6 5% . 33 38 A 7 K B0Br 4G I 4T 55 b, MR T
G, SCAR TR AL ) o SUAF B I Gk ZE R R AP R R T
WA, 7 Ah, # T BERT By SCA BB 3 R #E F % F
Word2Vec 1 SCA AR, WG B T 76 B AR B0 8 460 0 4T: 55 o
SR U Ay 2 a8 04 45 i 4R PR Xt T 14 S AR R R BE A B L (i
A BERT A58 347 3Rl A o 3 — 7 ik M Lb A% 48 1 3 i A B R
AT DL R AT 3 R 42 FF . B BERT A58 AU B8 T 47 B 47f 2
R SCAE B 3K B R EORT I P R U B ESCE T,

UG W], DA £ 0 A AN B O 2 RN vk Y [E) —
TR 2 A B 0 HRGE A B 4 TSR 0 I R AR L HE R R M 88,
SVCHRTEENT 89. 650, UL WA G Jn A R B v BN ) 2 B
PETT LA RCER TS R PERE . B B R SR A Bl 4R T AR Y
B9VZ AR ) FNE M L TR Y R N A B T A B TE R AE
JSORNTT R Ok 15 T Y BE AR i e B0 1 R

MHDPF #& 5 5% H 2 455 25 4 4E 0 A BF 322 5K W& . g 48
BN [l B TR il A b B L T M A5 A A AE X
WA RERNEZWMBE, MK T att RNN I EANN #
W 7 2R 9 332 5 2, MHDPFE 5 8 B8 05 A5 250 3t ) ) 2 4 4
fFR . HERETE . MVAE #5859 #ff % b O-M #5 &K
0. 1% . 5 FR7E T 8088 5 b & A R 0 # ) se A& ]
B 55.2% ., %3 MVAE Tk 78 4 2% 2 8 B8R SCAR Y 2t
FEFRIR . MANN #5858 528 8L i 3 sh #2 1E 52 30 30 AR A AL o
FRAE Y I 2 S HLHI Al A R 7R ERORE AR D i BB 4 1 R
PR L B S 44 5 ok LUA R ST 184 R SCA R AE ]

B

B DG B M 5 DA THT 52 i R IE Rl G 19 O

#% Ltk , MHDPF 8058 it Z 05 R B4 938, se il 7
EAE 0 7 20k XA N 22 2 O R AR SR B TR I R T 2R
EAE X A R 4 AN [R] 5T Rk, A Ll 3 2R O 3 2 B O A B R
I 4 2 SRLAE — A5 E 2T AR SCHR R A O AR 4 v 43 2SR e R T
S D T T AR 1 AR
4.6 HREZBRERSH

Ry B8 UEAS SO 15 (0 AOHE M 3 T A T AR R R AT 4y
BF , 44~ 45 18 1 B2 B MHDPF (14 354 41458 345 AR

1)MHDPF(-BERT) : # & MHDPF #i %! #1 f) BERT J7
% 8 H Word2Vee ik iE 73 #t A, MLt BERT 3K BCH 55
YT B LR R Z B Word2Vee 8 3R w5 H
fa o,

2)MHDPF(-1) . £ MHDPF #5 8 {4 #7 it 2 i & 2L wb |
XAl At BRAEAT R4 . 8 Bk — BT ] SCAR R AT Al A A B
Layer3 #0557 4F fil A 45 5, 560 50F 22 A > U5 £ 19 51 AR 45
R4 5

3)MHDPF(-2) : £ MHDPF (-1) fy % af F, 7K B By —
AN ZBEHE R G B Layer2,

4)MHDPF(-3) : 76 MHDPF (-2) 19 3£ 5lf |-, FE B % —
A ZPRBE Al G B Layerl

5)MHDPF(-S) : # [ MHDPF £ % rfv (1) 5 J8ORR £iF 42 B
o AR A SCAR T SCRFAE | TR 0 AT R AIE LA B 23 ] SRR ATE

6) MHDPF(-F) . % [ MHDPF #5 % rv i) 55 35 45 £iF 42 Bt
A AR A SCAS T SURFAE LA SR IR ARAE L % 14 25 (8] Sk R AiF

SR EE AN 4 i g,

FA M AL X
Table 4 Comparison of ablation experiment results
Method Accuracy Fake News Real News
Precision Recall F-Measure Precision Recall F-Measure

MHDPF 0.969 0.973 0.962 0.967 0. 965 0.975 0.970
MHDPF(-BERT) 0.923 0.927 0.913 0.920 0.920 0.933 0.926
MHDPF(-1) 0.961 0. 949 0.972 0. 960 0.974 0.951 0.962
MHDPF(-2) 0. 959 0.953 0.963 0.958 0. 965 0.955 0. 960
MHDPF(-3) 0. 956 0.948 0.963 0.955 0.965 0.951 0.958
MHDPF(-S) 0.958 0. 960 0.952 0.956 0.956 0.963 0. 960
MHDPFE(-F) 0. 960 0.943 0.975 0.959 0.976 0. 945 0. 960

MHDPF # % # L ffi i Word2Vec J5 ¥ i MHDPF (-
BERT) AR, MEH R = 1 4. 6%, FAMHEH BERT 21816 4
B SCAR 2678 O7 1 Word2Vec, AT LASR 15 B8y o i A0 A7 FH A9 4%
FEZR 7R, T4 JH BT g P RE. Xl Word2Vee # AR,
BERT ff 2y il ] 5t I}, MHDPF #9250 5 A7 9K 4 T e Al #0922 452
AFLLHA, M4, it B MHDPE (-1) . MHDPF (-2) £l
MHDPF (-3) 8 RIA5 1, 3 3 3% 45 B B A B B 1 25 - B 8
MHDPF 45 % (4 ¥ G 7T LLAF 2 [l B2 B 948 7. k. (R 3
22 PRI a4 H A By R R T 4 b ) R S [ £ R TR A 4
TE o A o 24 il A5 B bl A% B S o A5 8 T B TG 0 78 40 R 2 1R
A€/ L EHSINTTRS S5 € e =l

T RS i S AT TR AR e R TR0 AR B SR R I o A R
BIREART 1. 1% M 0. 9% . X 3 B £ )2 YRy 1F 32 BORE 3 (1

T BE95 AT AR THASE AL PERE

ARG T £ )2 LSTM A58 84 v s 2 76 80k b MHD-
PF B0 P B 09 B2 WA . 3 0 3 B BRORE PR G B 16, 32, 64,
128, AT LAV 22 S i A LSTM [ i 5. 70 400 %t 455 Y 14 B 4 5% i
e, E 4 TR, Y B R BTk & D 64 B, MHDPF
A0 TR Jr A Fee A 9 B

Sy B G REAE A PR 322 T vk 0 A R0 L H O 5  oT R A
(Addition) A5k & Pf 4 (Concat) 1§ Fh #2407 b A7 He . M
B 5 H] LU 8 R R AR I A BE 4 Uy vk I A R A H 7R T 3
AIN O A o T R T 1L 6% s M EL Ak PR T 3R L K
DUHETA B4R = T 0. 700, 3X 2 R A 187 BB 48 O VR S RE A Al
BB RFAE, I AT RE B A TU AR B B M, S 80rE R
TR,
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Fig.4 Analysis of the effect of LSTM hidden units on model performance
100 100 100 100
N
3 & 3
9 E 98 973% 2 9% E 98
96:9% & 966% . H 064% z 967%
8 96.2% o & - 96.2% 96.1%
2 9% £ g 95.7% o o P
g 95.3% 5 I = 95.0%
153 g B
2 o ° o 8 ot{ 935% S o
§ = £
2 8 2
92 g 92 92 § o2
& =
<)
%0 % %
Addition Concat MHDPF Addition Concat MHDPF Addition Concat MHDPF Addition Concat MHDPF
B 5 ANFEIRG T i PR L
Fig.5 Performance comparison of different fusion methods
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