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‘Fake news' is the number one worry for q B (R IR 2 Rk 79 £ 3R BLEX N

internet users worldwide ARS8

Seventy-one percent of people who use the internet recognised at least one of the three
main internet-related risks — the biggest concern was fake news, ahead of fraud and

cyberbullying 20205 - FEREFS (HAXEE)
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46 The spread of true and false

- news online

Soroush Vosoughi,' Deb Roy,' Sinan Aral®**

EERAEL: 60

o

40

35 q“i 5_5 ﬁ% 1Z'K We investigated the differential diffusion of all of the verified true and false news stories
distributed on Twitter from 2006 to 2017. The data comprise ~126,000 stories tweeted by
~3 million people more than 4.5 million times. We classified news as true or false using
information from six independent fact-checking organizations that exhibited 95 to 98%
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 agreement on the classifications. Falsehood diffused significantly farther, faster, deeper, and
more broadly than the truth in all categories of information, and the effects were more
pronounced for false political news than for false news about terrorism, natural disasters,
% ?{% % /A E_I (( 202 1 E ﬁ;ﬂ?ﬁ 1f ’E 'I,EJ E ?Ii ﬂ== )) science, urban legends, or financial information. We found that false news was more novel than
- true news, which suggests that people were more likely to share novel information. Whereas
false stories inspired fear, disgust, and surprise in replies, true stories inspired anticipation,
sadness, joy, and trust. Contrary to conventional wisdom, robots accelerated the spread
of true and false news at the same rate, implying that false news spreads more than the truth
because humans, not robots, are more likely to spread it.

‘Fake news’ is the number one worry for q E A EIE R A IR E AW 20185 (#v) Rt
internet users worldwide AP LS8R
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Promoting Reliable Information and Reducing Harmful
Misinformation About COVID-19

COVID-19 is still a major public health issue, and we are committed to
helping people get authoritative information, including vaccine
information. We continue to remove harmful COVID-19 misinformation
and prohibit ads that try to exploit the pandemic for financial gain. Since
the start of the pandemic through June:

+ We removed more than 20 million pieces of content from Facebook and
Instagram globally for violating our policies on COVID-19-related

misinformation.

+ We have removed over 3,000 accounts, pages, and groups for repeatedly

violating our rules against spreading COVID-19 and vaccine misinformation.

+ We displayed warnings on more than 190 million pieces of COVID-related
content on Facebook that our third-party fact-checking partners rated as
false, partly false, altered or missing context, collaborating with 80 fact-
checking organizations in more than 60 languages around the world. When
they rate a piece of content with one of these ratings, we add a prominent

label warning people before they share it and show it lower in people’s feed.
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Social Media and Financial News Manipulation
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Yale University, Yale SOM; AQR Capital; National Bureau of Economic Research (NBER)

Marina Niessner
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Abstract

We dissect an undercover SEC investigation into the manipulation of financial news on social media to study
the indirect effects of market manipulation. While fraudulent news had a direct impact on retail trading and
prices, revelation of the fraud caused market participants to discount all news, including legitimate news,
from these platforms. The results highlight the indirect consequences of fraud and its spillover effects that
reduce the social network’s impact on information dissemination, especially for small firms. The effect
appears to dissipate over time, becoming insignificant a year later. The results highlight the importance of
social capital for financial activity.
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We dissect an undercover SEC investigation into the manipulation of financial news on social media to study
the indirect effects of market manipulation. While fraudulent news had a direct impact on retail trading and
prices, revelation of the fraud caused market participants to discount all news, including legitimate news,
from these platforms. The results highlight the indirect consequences of fraud and its spillover effects that
reduce the social network’s impact on information dissemination, especially for small firms. The effect
appears to dissipate over time, becoming insignificant a year later. The results highlight the importance of
social capital for financial activity.
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[1] Xinyi Zhou, et al. A survey of fake news: Fundamental theories, detection methods, and opportunities. ACM Comput. Surv., 2020.
[2] Kai Shu, et al. Fake news detection on social media: A data mining perspective. ACM SIGKDD Explorations Newsletter, 2017.
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.MOTIV]:S IN RUMOR MONGERING 8T
It is important to note here the complex purpose that
~ rumor serves. By perm1tt1ng one to slap at the thing one
~ hates it relieves a primary emotional urge. But at the same
- time—in the same breath—it serves to justify one in feeling
~as he does about the situation, and to explain to himself
~and to others why he feels that way. Thus rumor rationalizes
while it relieves. “Why shouldn’t I dislike Russia? It came
- to our aid only at the cost of an enormous bribe. . ..
- “Why shouldn’t T feel panicky? Our fleet was w1ped out at
- ‘Pearl Harbor. . . .” “Why shouldn’t I distrust the Jews?
- They are so clanmsh . .. “Why shouldn’t I feel superior

~ to my nelghborP 1 don t 1ndulge 1n h1s 1rregular1t1es of
~ living., . . .”
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[1] Allport G W, Postman L. The psychology of rumor. Henry Holt, 1947.

[2] Ralph L Rosnow. Inside rumor: A personal journey. American psychologist, 1991.

Personal Anxiety

The third variable that I noted, personal anxiety, is with-
out a direct counterpart in the basic law of rumor. G. W.
Allport and Postman (1947) did raise the possibility that
ambiguity might be “induced . . . by some emotional
tensions that make the individual unable or unwilling to
accept the facts set forth in the news” (p. 33). By personal
anxiety, as I shall use the term, I mean an affective state—
acute or chronic—that is produced by, or associated with,
apprehension about an impending, potentially disap-
pointing outcome (Rosnow, 1980). Here, the hypothesis
1s that rumeors persist not only because they play on cog-
nitive unclarity, but also because they give vent or expres-
sion to emotional tensions attributable to the nature of
anticipated outcomes (cf. G. W. Allport & Postman, 1947;
Ambrosini, 1983: Festinger, 1957; Hart, 1916; Jung, 1910,
1959; Loewenberg, 1943).

XIPRH9ES N, MEEAN“T
AMNEE” (Personal Anxiety) fEREF
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[1] Carlos Castillo, et al. Information credibility on twitter. WWW 2011.
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B-20184E11 B MIENIEI AR - ' ' ' '
Mt 933 402,781 1272 323,028 38 1,440
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[1] Jing Ma, et al. Detecting rumors from microblogs with recurrent neural networks. IJCAI 2016.
[2] Genevieve Gorrell, et al. SemEval-2019 Task 7: RumourEval, Determining Rumour Veracity and Support for Rumours. SemEval@NAACL-HLT 2019.
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. + EmoCred (Giachanou 4, 2019) 0.308 0833 0367 0367 0.189

BERT (Devlin 4%, 2019) 0.845 0.824 0.762 0.886 0.712 0.708 0.743 0.672
+ R AR AR 0.346 0.778  0.557 0.244 0.238

+ Emoratio (Ajao 4%, 2019) 0.837 0.857 0.780 0.894 0.724 0.719 0.757 0.681
. . NileTMRG (Enayet 2, 2017) 0.309 0770 0557 0245 0.125

+ EmoCred (Giachanou %%, 2019)  0.867 0.849 0.797 0901 0.728 0.725 0.752  0.699
+ Emoratio (Ajao 4, 2019) 0.331 0754  0.571 0280 0.143

X 0.873 0.867 0.837 0.896 0.734 0.734 0.773 0.692
+ AR S + EmoCred (Giachanou 4, 2019) 0.307 0786  0.296 0.500 0.125
HSA-BLSTM (Guo %, 2018) 0.855 0.849 0.819 0.879 0.778 0.776 0.796 0.686 + W17 BRI 5 0.342 0.754 0.565 0.565 0.100
+ Emoratio (Ajao 4%, 2019) 0.872 0.863 0.829 0.898 0.774 0.771 0.796 0.663 N oy

+ EmoCred (Giachanou 4, 2019)  0.861 0.854 0.822 0.886  0.781 0.777 0.806 0.646 HI W EFEdE RS HRAR
+ BT A R AIE 4 0.913 0908  0.885 0930 0.808 0805 0827 0.69% Weibo-16. Weibo-20 Rumourkval-19
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HES: IRE RSt & SR

By Weibo-16 Weibo-20 RumourEval-19 HSA-BLSTM (Guo %, 2018) 0.849 0.776
BiLSTM (Graves %, 2005) 0.807  0.660 0.269 + T A AR 0.876  0.779
+ B A R 0.809  0.681 0.310 + AL R BRI 0892 0.792
+ A KBS R 0.818  0.693 0.322 + IR 0.901 0.800
+ W25 0811  0.693 0336 + BT SRR + AL 0896 0.799
+ R+ AL KB 0820 0.697 0.325 + IR 0908  0.805
+ W RIS 0.826 0.701 0.340 NileTMRG (Enayet 4, 2017) - - 0.309
BERT (Devlin %, 2019) 0824  0.708 0.272 + T KA I 0.311
+ B R R 0.850 0.722 0.312 AL IR 0.325

R i i

+ e DR A 5 0.856 0.730 0.339 + IE R 0.337
+ B RATH T + AR 0859 0733 0.341 TR ' ' i
+ U R AR SR 0.867 0.734 0.346
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By Weibo-16 Weibo-20 RumourEval-19 HSA-BLSTM (Guo %, 2018) 0.849 0.776
BiLSTM (Graves %, 2005) 0.807  0.660 0.269 + T A AR 0.876  0.779
+ B A R 0.809  0.681 0.310 + AR BT 0892 0.792
+ A KBS R 0.818  0.693 0.322 + IR 0.901 0.800
+ W25 0811  0.693 0336 + BT SRR + AR | 0896 0.799
+ B R+ AL KB | 0820 0.697 0.325 + IR 0908  0.805
+ W RIS 0.826 0.701 0.340 NileTMRG (Enayet 4, 2017) - - 0.309
BERT (Devlin %, 2019) 0824  0.708 0.272 + T KA I 0.311
+ B R R 0.850 0.722 0.312 AL R 0.325

R i i

+ e DR A 5 0.856 0.730 0.339 + IE R 0.337
+ B KA + ALK BEAE R | 0859 0733 0.341 TR ' ' i
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o [Q)ETIEA: REFIATNEBFRESEE. EHEZEEEEZXS!
o HiEmmmh: WEIFRMFUEENFEEIEmES. ZHEY. #FEHE
o FIERTIMA: FRVPEIESE (Weibo-20).

o TRFAR
o igX: Xueyao Zhang, et al. Mining Dual Emotion for Fake News Detection. WWW 2021.

o B (—METFNERRNEBQNAERRG) . Bl8; KIEE; BEE; Wih: FiA.

el i AXI{ERSIRAREH 83 (BF|EN) SIRRE
Mining Dual Emotion for Fake News Detection 83 * 2021

X Zhang, J Cao, X Li, Q Sheng, L Zhong, K Shu
Proceedings of the Web Conference 2021, 3465-3476
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1 L - N 1 o BT v

10 - BFFEMAFRITE () sEip

e
35 RSEFTENVFESRIERI R, Foik
. THR2IT31.8 D, IS > 031.8 7% R (BT R A RO EN A e TR
HE 7T HEIAZI1005 |
25 |
20 S HILR ol
_— E
154 — : EX  FhE—%Z & R TR
— :
10 —° e e et e o
— : 1. BRI EAS [1]
_,-./ : iﬁlﬁ\ - e N
535 : 2. YIFAIRANSMERATIR [2)
P 3.5, AEEE KT 5
0 ! ! ! ! ! ! | ! —
15 10 20 30 40 50 60 70 80 90 100 [1] Xinyi Zhou, et al. Fake news early detection: A theory-driven
oA = model. Digital Threats, 2020.
'l;lz'l.ei&E [2] Qiang Sheng, et al. Zoom out and observe: News environment

perception for fake news detection. ACL, 2022.
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SLINENIRSR
o XHUEE (RIFF5A—1ER)

o Weibo-16 [1] VIgids  WEdE BRRGE ik
o Weibo-20 B 3419 1,140 1,140 5,699
o MNVEIIEE o) 5406  1.802  1.802  9.010

it 8,825 2,942 2,942 14,709

-

o Twitter [2]: ERE{EFTEIEIATE
MESS £, IIRmR AR IEGE

RL— Twitter S ERARIHER
<

[1] Jing Ma, et al. Detecting rumors from microblogs with recurrent neural networks. IJCAI 2016.

[2] Qiang Sheng*, Xueyao Zhang*, et al. Integrating pattern- and fact-based fake news detection via model preference learning. CIKM 2021. 36
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iT{ti—: EmoPreflEZRA9F L

Weibo-16 Weibo-20 Twitter
B

W% MacroF1{§ F1,, F1,, #EHHFE MacroF1{§i F1,, F1,, 6% MacroF1{f F1,,, F1_,

BiLSTM (Graves %%, 2005) 0.822 0.807 0.754 0.860 0.667 0.660 0.710 0.610 0.767 0.732 0.829 0.635

w/ EmoPref 0.849 0.850 0.802 0.898 0.709 0.709 0.715 0.702 0.793 0.788 0.822 0.754

BERT (Devlin %, 2019) 0.845 0.824 0.762 0.886 0.712 0.708 0.743 0.672 0.782 0.746 0.842 0.650

w/ EmoPref 0.883 0.869 0.825 0.913 0.740 0.739 0.761 0.717 0.803 0.774 0.865 0.682

EANN-Text (Wang %%, 2018) 0.836 0.819 0.760 0.878 0.692 0.690 0.717 0.663 0.770 0.725 0.837 0.614

w/ EmoPref 0.877 0.867 0.821 0.915 0.740 0.740 0.727 0.752  0.798 0.788 0.834 0.741

RS sS—mhfY“BERT+# | BERT-pEmo (Zhang %,2021) 0869 0.850 0.794 0906 0.728 0.722 0.762 0682 0.794 0.762 0.850  0.675

AN\ ’

i & ;ﬁ—; 2R ey w/ EmoPref 0.909 0.896 0.847 0945 0.746 0.744 0.768 0.720 0.804 0.776 0.855 0.697
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