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Problem statement

a fake news dataset with social contexts D = {T, gy _GgY¥ }

the set of news events T = {T1,T2,...Ty}

the related post set of i-th news event T; = i, pé, ...pidr_ : Gf }

Gf is defined as a graph {VI.P . Ef } the propagation structure of posts,
B . .

VP = {p}. ks -0y} B} = {ejpls.t = 1.,,,.M;}

GY = {VU, EU} is the user network

VU = {u1,uz,...un} EY = fel 5z = 12,5

GUP = {vU yvP EUP} is the bipartite graph between all involved users
and all involved posts

BYF = [alFls = 1, .. £ = 1., M}



TAIYUAN UNIVERSITY OF TECHNOLOGY

Problem statement

GY = {VU EU} is the user network

GUP = {vU yvP EUP} is the bipartite graph between all involved users
and all involved posts

GIU and GIUP for each news event T;

- ] P [ U ~UP
T; = {p3, p5, “‘p;M,f’Gi s Uy U, ...u;\h,Gi JGT §



textual features and meta features.

pj = {tf,m}}

Meta

Jayissed

Jido)

The post meta features m? consist of features

retweet count, reply count, sentiment score, etc,

up = {t;, m;}

]
| 8

Features

- ———

Sum operation . verified flag, follower count, following count, etc.

Concatenate operation !

- ——— - -

Meta feature based Gate Mechanism. 4j = O (wmm [ r bm)
l‘lj = QJC‘; S¥) Iﬂ}
¢j be the extracted text embedding for the j-th node.
— B P §
P= {h;.h,, ...,hM}
o U U U
U=1{h,h;, "'hN}
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exp(e;;j)
aij = Softmax(e;;) = 4
Y Y7 Tken) expleir)
b = o( Z a;;W gh;) + h;.
JEN(I)
P=HK = (b2, hf,.. b}

"-—-‘\\
'f’ \‘
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Conversation Nodes ,/

dmax
Edge Augmentation: AEU = Z (Ap)d)A’lI:"D = AEUTa
d=1

o P { /I
A" =4y * 47D, | yt/\v ;
dmax is the maximum depth of propagation trees T \A}\ \
PR ’ t3 , ta ' tS
Depth-aware Graph Attention: e;; = a' LeakyReLU(W - [h;||h;] + v[d(i, j)]), / \ _____
(GATV2) d(i,j) = di—dj+dmax d; being the depth of i-th node R— :/, k Wt ’t;\\
dmax is the maximum depth of all trees \ / i
\ ‘u.‘_:’ ty -’ ,

v[d(i, j)] € RY

-
- e
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User Social Graph Modeling

(WYY YV

the neighbours of a user as three groups: only follow relation, only followed, friend (follow and followed)
Afriend o REF AUT Afollow s KU Afriend

Afollowed — AUT _ Afriend

exp(e;;j)
aij = Softmax(e;;) = 4
N YT Skenii) expleik)

h: = 0'( Z o:,-dehj) +hi'
r(i,j) € {0,1,2} denotes the edge type, jeN(i)

Relational Graph Attention Network (R-GAT): €jj = a;r( !_J}LeakyReLU(W - [ lhy]),

WU U LU
U=1{h ,hz,...,hN}



Post-User Interaction

! @ Sum operation i
i @ Concatenate operation |
A\

P ————

identical user

dmax
i S £ d_

af = wfp.HU = wUU.

H = Concat(H?,HY).

e

) AUPT 0
C A AUP

H’ = GATv2(H,A) + H.
hf = Concat(ﬁf ,i{f )

hU' = _(Eoncat(ﬂv, ﬁU)
I i 1

EUF’ e RNxM



—— e =
hY

Aggregation

r=>_ Softmax(f(ht)) © hy.

z = Concat(p, u).




the features from different topics
are similar, so that the topic
classifier cannot differentiate the
topic of the news event.

EEN Y5 = £v(z YY) +yLc(Z,YO).

LV(Z YV) ™ Z: _ Y log(ﬁ;(zl)) veracity label yIV € {F,R} (i.e. Fake, news or Real news)

LEAZ Yt) _ _Nit : jl Y log( fc(z;))  topic label y? € {Politics, Entertainment, Health, Covid-19, Sryia War}

Gradient Reversal Layer (GRL) Q,(x) = x with a reversal gradient 6‘Q;¢ S s i
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Experiments

Table 1: The statistics of the dataset

Topics Politics Entertainment Health Covid Syria War
Labels Fake Real Fake Real Fake | Real Fake Real Fake | Real
News Count 225 1026 2587 8846 590 5120 843 25393 194 2230
Tweet Count (Sum) 51343 140940 | 128109 | 504936 75465 | 695225 33201 285511 | 9532 227663
Tweet Count (Avg) 228.19 | 137.37 | 49.52 57.08 12791 | 13579 39.38 52.94 49.13 | 102.09
Retweet Count (Sum) | 71143 221364 | 190851 | 788937 27142 | 547610 178777 | 455269 | 5433 245316
Retweet Count (Avg) | 316.19 | 215.75 | 73.77 89.19 46 106.96 212.07 | 84.42 28.01 | 110.01
Reply Count (Sum) 39342 162108 | 99362 490452 5682 188730 157835 | 297559 | 465 123279
Reply Count (Avg) 174.85 | 158 38.41 55.44 9.63 36.86 187.23 | 55.18 2.40 55.28
User Count (Sum) 135338 | 400815 | 362195 | 1504381 | 91924 | 1262745 | 315739 | 888650 | 13517 | 517419
User Count (Avg) 601.50 | 390.66 | 140.01 | 170.06 155.80 | 246.63 374.54 | 164.78 | 69.68 | 232.03
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Experiments

Table 2: Details of the out-of-topic split

ID | Training&Validation set Testing set

1 Politics, Entertainment, Syria War | Health, Covid-19

2 | Health, Covid-19 Politics, Entertainment, Syria War
3 | Politics, Entertainment, Health Covid-19, Sryia War

Table 3: The results of all methods in the in-topic setting.

Average
Methods AUC 3
SVM 0.7459 | 0.5210
GRU 0.8539 | 0.5458
PPC_RNN+CNN | 0.8548 [ 0.5419
BiGCN 0.8748 | 0.5482
PLAN 0.8635 | 0.5584
FANG 0.8235 | 0.5084
RGCN 0.8790 | 0.5930
HGT 0.8856 | 0.6166
PSIN (-T) 0.9039 | 0.6213
PSIN 0.9063 | 0.6267
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Experiments

Table 4: The results of all methods in the out-of-topic setting.

Average Split 1 Split 2 Split 3

Methods | e Fi AUC F1i AUC Fi AUC F1

SVM 0.5593 | 0.1859 | 0.5737 | 0.1920 | 0.5012 | 0.1273 | 0.6031 | 0.2384
GRU 0.6012 | 0.2118 | 0.6150 | 0.2001 | 0.5298 | 0.1678 | 0.6589 | 0.2675
PPC R+C | 0.6001 | 0.1984 | 0.6151 | 0.1994 | 0.5344 | 0.1382 | 0.6507 | 0.2576
BiGCN | 0.6087 | 0.2608 | 0.6201 | 0.2302 | 0.5245 | 0.2086 | 0.6815 | 0.3436
PLAN 0.6013 | 0.1883 | 0.6133 | 0.1923 | 05271 | 0.0283 | 0.6635 | 0.3442
FANG 0.6120 | 0.2371 | 0.6229 | 0.2134 | 05381 | 0.2029 | 0.6837 | 0.2949
RGCN 0.6138 | 0.1949 | 0.6194 | 0.2345 | 0.5400 | 0.2001 | 0.6880 | 0.1501
HGT 0.6147 | 0.2424 | 0.6215 | 0.2357 | 05372 | 0.2239 | 0.6913 | 0.2677
PSIN (-T) | 0.6277 | 0.2693 | 0.6391 | 0.2721 | 0.5469 | 0.2459 | 0.6971 | 0.2898
PSIN 0.6367 | 0.3094 | 0.6571 | 0.2722 | 0.5480 | 0.2432 | 0.7051 | 0.4120
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Figure 7: The performance of PSIN and its variants. Left: in-
topic performance; Right: out-of-topic performance.
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(b) Out-of-topic Split

Figure 8: Results of Early Detection
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(a) PSIN(-T) (b) PSIN

Figure 9: Visualization of learned feature representations of

news events on the testing data.



