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ABSCHE R AR B (1830)

11 HREBEEENX

1.1.1  #3EARE RIIK

FEA WA R — L P AR LA RER 2 ZE R W PAEEMHEEANS (i
MAD TR TG, 38 AkS: (social network service, SNS) FIfI{H % (mi-
croblogging) #BJ& T-#H2Z BAA KJamsE N, [ /MBI 4 A Facebook!' . Instagram?. Twit-
ter’. LinkedIn*%%, B WNECNHIA MG HIRMIES . HASHAARE 854 F) We Are Social [1)
(2018 i &2 BoR, BE 2018 4F 1 H, RFRINERALSZ B 7 ik F] 31.96 12,
[FILLIGK 13%, & ANBERIER] 42%. Hr, 504 SNS k%5 Facebook H G ERH /-
Hmik 21.67 12, RIS Twitter HIGERH P EOEE] 3.3 12, HriRGOH H iGERH P
BOEF] 3.76 1. ALY, AR CE BN T HBME P RB T mZ—.

FEAR AR R 52 N, B EE B AR R IRIEAE IR 1 R A8k . W4 35 [ B2 U
FOHLO 2017 4F 9 A RARIEE SR B, 67% 1932 E R A2 WAL AZ A SREUHT 45
B, HAom AR S 20%. EEPE, FEBBME RS (2016 4 E H K
BriE A R E I WRIR, AR TR O RRE . YRR, ok, BRI E
BUUEIE, 1F 2016 5 FP4F, W 4ad i A A2 dE A SR s 3 [ % VR A P B9 s 90.7%,
TS« OSSR 2 58 R V1R 1 ELA5 20 30 62.8% AT 50.2%. At AT WA IETE ik
LS IS I R R Sk, TETE AR FR 5200 71 J5 5 A% Gu it Ak R R T,
LTV 8 B R A (1) BRI YR

SR, FEASEEAARTE U H P SREBUCHT & 4%, s s B R EIRE, o8RG
BRI T HRIAEE . 2016 SE3E[E Kk )5, Facebook #H “BU# =4 ¢, Hilkts
5 1E Facebook V- & AL Rk EHT [F ™ B fom 35 E Rk . 2018 453 H, (Science)
KA T R BT B 5 2 o EABORT AR R S L a7 Bl w AR I, 7E Twitter &
b B EECH R HESCE R Gk R, HERGTER “hisEEsk”, Heul B e
2 1500 NFIfiE], LT B 6 5. M EER, HriREiE s THEMTE. M£HFR
W A HERERIR R, BN T G BRI E R X (P ESA R Rk
(20136 B7R, 2012 4F [ 100 R R s BG4, G 173 HIES s (PR E#
R R (20150071 % 2014 FEAEREE) T LUASL Y 92 SABUB M AT T 2 4L
M, RIA 59% B R BT I B K T 0 IR T

IEEAE BRI EIEH T AR AR BER, FEC 7+ AR IR 55 v B ek

1 http://www.facebook.com/

2https://www.instagram.com/
3hitp://www.twitter.com/
“hitp://www.linkedin.com/
Shitp://www.weibo.com/

6https://www.recode.net/ 2017/4/28/15476142/facebook-report-trump-clinton-russia-us-presidential-election
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SR, PUAL YNSRI, s RS, RS ARSI T, iR TE 2R
WMATHR, HESSBAESTRFHIREL. B0 A GRS 5 RBUTS N T A R
ITs ARG FRBERI AN R RAR A3 )ik 3 )

1.2 EARIMFRITIK
AATK 5 N A I ) BRI S IR 3R T A

1.2.1 NXAEAWRRFGE

P GE SCA T2 H 2 S ARF UL - 7] S EEXT | FR 2R R 2 BUM -, BedT]
M DS 2127 ) FR42 808 3 G s OB R B1E T, HE LU 2 H ARG 5 4B (Natural Language
Processing, NLP) fE55 175K N TIECF W AP THE . ] B Aa R, 2238 %
MFNEAT T b, XA EIEAT M2 R, MEE AN = RS .
Wi 2 44 B2 AR IR (One-Hot Represetation) Fl—Fh 43 A 20K 7 A B ——Word2 Vec

MARR

ZITER TR EG RN E N AW BE N, RESE N N5 aldh sl
1,2,..., N, SE&EHA—MUE L 4edE0 GRFEN 1D B N 4Em & RE R 5N kA,
fan, fEwERE Q = {hE, w48, b} b, R EY B ES S [1,0,0], “EHES” H
IhARIRAG R [0,1,0], “Hbm” BBt A (0,0, 1) MIHENIAAER AR LE, HE5H
FiAe—A Hash %, H5HAM. MHBEHL% (Conditional Random Field, CRF). 3§
Ii] &4 (Support Vector Machine, SVM) EEIEMABCE, W LUFE R 280 HIRTE 5 A2
HIFERIAT S

AR, XFPRIRTT ARALE TR B, FoRfnd, HHBBASZM: HhH
BRORW A IREE RS, WRRAERBK, ESLPRit & A E ™ B F &, Jo
ER B EUR S HAR RO % 27, TR “ e HE” (Curse of Dimensionality )®); 5
FRBE A, PR RO RIS BT 51, ARERIE W S Z B R, MnEER
THZIEXER.

A, XFhFRIRTTERAE T H e UE 7S AA K RSB B R R b

SRR Word2Vec

18] 1) 43 A K 7R (Distributed Representation) H 7- H “ #1148 M 4% 22 2 ” Geoffrey Hinton
T 1986 4 U0, HIEAE AR Z B Y2 MR R R K 4EsEs & GXEE
“CHL R AR TR IR AS T 8D, FEIEE AR (Word Embedding) 7 [ & 7 [A] T R
B R FAE VG 2 (B 15 SCHALE o HZ BT DAERR A “ a7 2w, BOAfE T — ANl
K NYERE, SF— MR EGE — 30 s i 505 UE B 28I, HAESLPRNMH FEE
RRE R, M—BERAR) 2R

B 2013 4, AT 7 EH AR S IR Word2Vec',  fi ik 1 203 v 7
H 3e1a) 5 1 0 A5 SNER R T LT O 7 T E B 2AE 5 A FAE 55 FIbn e TACEE vk A T 3Rk
AL, FHAEA—MRZBOERA KRR .
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& 1-1 AFREHETHGHFE

FHIE | ik X SEILTEE
AR | RO SR | AUE, N
PHERE | MURPHEECE | BE, N
P | M kR | B, N

1.3 REEA

1.3.1 EFEm7oh

7t Weiling Chen!'? I Yan Zhang!"3! i) TAEH, ¥ H 1 3 i 434 (Principle Com-
ponent Analysis, PCA) YENFEA KBS (E4E )75 T IR TR 70 Hrdt AT /v 4 .

F RS o e —Mpfal B EINLES 7 S Bk, HDhREmT LA 7 T e —J7 1] LA
NETRME T — MR B AR T2 ST ] LK E 2 — M S SR R R G A
B 2B M@t PCA, FRATTAT LA 3 — MG 4 i i S — MR R, dd 1525
FERE, PEAR SRR AE X — i b, B R KA M (R EFEA S T7 Z K
), BEM LY, e aE st

RO ERIEARSE X = {1, 2, ..., @iy ...,z } CA YL @ =0), HEHH
KA BB AR R W = {wy, we, ..., w;, ..., wg), FHA w; RARAEIEAZ
&, WL |wls=1, w/w; =0 G#j). WMEFRNTEE I (d <d) DEKSG, BLrE
zlgl'ﬁ €T; Efﬁiéﬁéléﬁ%qj%ﬁ%ﬁ% zZ; = (Zu; Zi2y e ey Zid/), ;H\:EP Zij = ’w]Tmi’ 7~Elli €T; E{E&éﬁ
ARFR R § 4ERIARRR . XPEEMREAER, R REAR RN T 2

1 m

—Zzgzi

m <
=1

1 ¢ T T(..T
i=1 = (1-D

1 m

mi3

1

=—W'XX'W
m

BT IRATAIE R AR R W A E R IE SR8, HEEARSSE X cadd
Ok, M PCA AL B ¥l LS A

max tr(WIXX'W)

A (1-2)
S. t. WW =1
BT XXT 2y 25, 82 AT E MR EE o, B
XTX =WAWT 7 (1-3)
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Her A = diagN)s X={ 1, Ao, Amto
FARHL, BRI R IR R A, A RME, Xt (1-2) fFHF%
BA H afe$ik:
X XTw; = hw; X (1-4)

5K SRAF R B 51, BT o ANRRAEAE 0T B2 (9 AR A ) 2 4L R T 75 (R 3052
HFE W' = (wy, ws, ..., wg), EPAITFE] PCA fIfif. PCA FILMR AR PR,

A1 £ (PCA)D

BMIN: HAEz= {2, 2,...,%..., T}, KLETALE
iﬁ]ll:l:ll &%Z%EB$ W' = (wl,wQ,...,wd/)

1 AP REA RO 2 2 — LT

2 RN T ZE X XT

3. W ZERERE X XTSRS S R

4 BRI & MRS B RHE [R) B oy, wo, - . ., war

W2 YN, 8 PCA PR — I E RS, BT AR 33 st i e, A8
P sk b B S O S0 S e AR e R E

WK T He B 77 =0 o SRR 0 S0l R PR A AR A 25 1) PR g Sl B 5 T s
(1) O R HEE S MiE Al 2, BPROh 78S, MIONZRIE 2 —%&iES . =
SR LI R N R ES — L T B, fEARTTH, AR 7 Yan Zhang 16313 o
P BRE VAR AT A . FERRAEZS A, SRR e T A R YE R A A AR R, TIA
LTI — RS -

WA HDE I wo MEMFFIEREN f§, BERKMELE we FIRAAMK k &I R
W = wi, wy, ..., wy, X kKM EMEEEEN FS = {5 FS, . fie &
label = 1 fRKRET, label = 0 RFIFET . FIER BARREWFIL2FTR,

BE 2 2T PCA 15 B ol {5 BEVEAN
WA fS, FS, BREERDE n
Mid: A% label € {0,1}
1 XA LR EN A PCA, RERT n DN FEI of < PCA(ff,n) (i=0,1,...,k)
HE FS &M ER PR E o MAREZE o
THEBUE thr = /o
if min1<j§k ||08 — O;HQ > thr then
label <+ 1
else
label <+ 0
end if

L AN A i

EZTAE, BERDTE n NS, kN50.

132 ETXREZBEHmEEE

£ Mayu Sakurada (1@ 3CI) w1, S2 (6] T B b as BEAT 5 8RS I R 3R AT AR ZR 1k
BEdE. 5JEE], PCA M TSVD i B AE LM FR4E g vulh ofy, AR A5 B AT {E L
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PRAG ] R NN AR A B A2 AR 2R 14 7] /8,  Yan Zhang 78 55— LAEDS o, g7 S5
SR R BT R E O o A28 T R 584 B %ifid#s  (undercomplete autoencoder,
UABE), 1337 TR 57E& HImiL a0 m SRR . T HN48 H gD a8 KA SRR .
HZ%wh52s Cautoencoder, AE) [MES & 55 H Rumelhart 25 N\ T 1986 4 & R 1E (Na-
ture) | AISCE (Learning representations by back-propagating errors)['7), [ 4mfd 5 & fH£5
P2 I — i, ek YR e R g A\ 2 i 205 U B gmbt 28 i g5 i 1-1 Fos.

Input Layer Hidden Layer Output Layer

H 1-1 a%#a s

H gn g 4% N34 — B2 (hidden layer) h, AT PAR= A2 FI T 2 i A\ B8 1 4 i
(code). WIERHINZ CGinput layer) I H RN x, )= (output layer) [P H 45 R A
T, MLBNE. BRIEZEREH EE 0 REee R

=g (Vh +by) X (1-6)

HA, by F by ZRET, g 1 go 73 HEHINZ 2 B2 A ek 2 24 B2 (8] R30S R
# (activation function), 1EJ&H THUEEREL f Ml g WAFAE, 2S5BS A 2 e
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PER .

H_ERrgn, B 1-1 BRfI2—MHEAE 4 MHEtimANZE. 58 3 M ME ke
TZ A 4 M ITi i B E A R0 B g as, +1 AR W B

Hgmha o Az, Hhma@igmiEw 1-1 fiw, HR SRR 2 oovh T
WMAHIHZ, Tan Goodfellow 7E (IRFE & )M —FHUEIXFh B dmtid 838 N K 5845 H Y
4% (undercomplete autoencoder) . K 56 £ H dah 25 UARFE &, A H AT LB RRGEUZ H /)
TR IR EERE I 4EHOR R AT Re R R IR 5, DU/ S B2 R T Rels JEaa ok /. B4,
Fag8 = R s SEBr Bt — P BMmEARMB AR, B4 Hi N JZ B EEZ s, it
AU E M — N E B4 as (encoder), 1 FEyEZ 25 Z 05 0, H IR MRS 8%
(decoder).

W, WTRAERRIZFMES, E gmbd 3 0408 25 pR B B R A5\ 5 i 2 18] 1Y)
Zal, AR5 BEE AR %E (Mean Square Error, MSE):

Loss = MSE(X,X)

1 —w o X (17D
= %ZZ(% — &)
i=1 j=1
/E\:EF" X = {331,132, NN ,wn} %iﬁ]\éﬁjﬁ’ X = {iih,iiig, c. ,QATn} %iﬁﬂjﬁﬁ’ 1E%iﬁiﬁ)\|ﬁj
%%Di@ﬂj ﬁ%%ﬁﬁméﬁ, E[] xr; = (ZEil,JZiQ, C ,Iim),ﬂAZi = (j:ilyfii% c. ,Zi’im)ai = ]_,2, ey Mo

AR IR S E Gt as U — Sk RUUR As AT gn i 2o , R = R AT REAU G iz il
MURFAE; T A R — Aot HUIZREE ST A5 RN 22 P05 i B8l Hh A7 3R
7y, DAIRRARAR K . BT 3XAHAR, 3L T PCA MIEL T TSVD Jrik i 8, Hdimhin]
LAZEF UAE BUAE SRS B a5 VR AR A . LA IR W3 ps I 2E T PCA |
PSSR T RIFT 5D,

BL 3 BT UAE 5 Bl 5 PG
BN f5 FS
HMith:  FRZ label € {0,1}
1. H F§ PG IUEE &, BT &R, 1953 madas N 2%
2 AF f§ I YIZREF NS, 49 250N Fan S 2 (R T7 Z 2K 1
3. il B PRI IURHIE R E, ISR NG, SRS B R, RS u
AbRHEZ o
HHRBEME thr=p+o
if [ > thr then
label + 1
else
label + 0
end if

A A A
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Er A ZE.
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B R
WR1 HEEEE
EVES T HFR 3z
AE autoencoder EEIEES
CRF conditional random field ZMBENLS
LR logistic regression pek Al

LSTM  Long Short Term Memory K47 A 1042 8.0

fiiR2 BFEHFS

AN
a Prg CBEEESEED
a =S
dim)() Ii) & AT 4E 5
A K FE
AT YERE A I E
I AL RE (HEREARHE LR SO e

diag(a) XATTEE, HPXAIGER MR a #E

10
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The spread of true and false

news online

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

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%
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,
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.

oundational theories of decision-making

(1-3), cooperation (4), communication (5),

and markets (6) all view some concep-

tualization of truth or accuracy as central

to the functioning of nearly every human
endeavor. Yet, both true and false information
spreads rapidly through online media. Defining
what is true and false has become a common
political strategy, replacing debates based on
a mutually agreed on set of facts. Our economies
are not immune to the spread of falsity either.
False rumors have affected stock prices and the
motivation for large-scale investments, for ex-
ample, wiping out $130 billion in stock value
after a false tweet claimed that Barack Obama
was injured in an explosion (7). Indeed, our re-
sponses to everything from natural disasters
(8, 9) to terrorist attacks (Z0) have been disrupted
by the spread of false news online.

New social technologies, which facilitate rapid
information sharing and large-scale information
cascades, can enable the spread of misinformation
(i.e., information that is inaccurate or misleading).
But although more and more of our access to
information and news is guided by these new
technologies (11), we know little about their con-
tribution to the spread of falsity online. Though
considerable attention has been paid to anecdotal
analyses of the spread of false news by the media
(12), there are few large-scale empirical investiga-
tions of the diffusion of misinformation or its social
origins. Studies of the spread of misinformation
are currently limited to analyses of small, ad hoc
samples that ignore two of the most important
scientific questions: How do truth and falsity
diffuse differently, and what factors of human
judgment explain these differences?

Massachusetts Institute of Technology (MIT), the Media Lab,
E14-526, 75 Amherst Street, Cambridge, MA 02142, USA. 2MIT,
E62-364, 100 Main Street, Cambridge, MA 02142, USA.
*Corresponding author. Email: sinan@mit.edu

Vosoughi et al., Science 359, 1146-1151 (2018)

Current work analyzes the spread of single
rumors, like the discovery of the Higgs boson
(13) or the Haitian earthquake of 2010 (14), and
multiple rumors from a single disaster event, like
the Boston Marathon bombing of 2013 (10), or it
develops theoretical models of rumor diffusion
(15), methods for rumor detection (16), credibility
evaluation (77, 18), or interventions to curtail the
spread of rumors (79). But almost no studies com-
prehensively evaluate differences in the spread
of truth and falsity across topics or examine
why false news may spread differently than the
truth. For example, although Del Vicario et al.
(20) and Bessi et al. (21) studied the spread of
scientific and conspiracy-theory stories, they
did not evaluate their veracity. Scientific and
conspiracy-theory stories can both be either true
or false, and they differ on stylistic dimensions
that are important to their spread but orthogonal
to their veracity. To understand the spread of
false news, it is necessary to examine diffusion
after differentiating true and false scientific stories
and true and false conspiracy-theory stories and
controlling for the topical and stylistic differences
between the categories themselves. The only study
to date that segments rumors by veracity is that of
Friggeri et al. (19), who analyzed ~4000 rumors
spreading on Facebook and focused more on how
fact checking affects rumor propagation than on
how falsity diffuses differently than the truth (22).

In our current political climate and in the
academic literature, a fluid terminology has arisen
around “fake news,” foreign interventions in
U.S. politics through social media, and our under-
standing of what constitutes news, fake news,
false news, rumors, rumor cascades, and other
related terms. Although, at one time, it may have
been appropriate to think of fake news as refer-
ring to the veracity of a news story, we now
believe that this phrase has been irredeemably
polarized in our current political and media cli-
mate. As politicians have implemented a political
strategy of labeling news sources that do not

9 March 2018

support their positions as unreliable or fake news,
whereas sources that support their positions are
labeled reliable or not fake, the term has lost all
connection to the actual veracity of the informa-
tion presented, rendering it meaningless for use
in academic classification. We have therefore ex-
plicitly avoided the term fake news throughout
this paper and instead use the more objectively
verifiable terms “true” or “false” news. Although
the terms fake news and misinformation also
imply a willful distortion of the truth, we do not
make any claims about the intent of the purveyors
of the information in our analyses. We instead
focus our attention on veracity and stories that
have been verified as true or false.

We also purposefully adopt a broad definition
of the term news. Rather than defining what
constitutes news on the basis of the institutional
source of the assertions in a story, we refer to any
asserted claim made on Twitter as news (we de-
fend this decision in the supplementary materials
section on “reliable sources,” section S1.2). We
define news as any story or claim with an asser-
tion in it and a rumor as the social phenomena
of a news story or claim spreading or diffusing
through the Twitter network. That is, rumors are
inherently social and involve the sharing of claims
between people. News, on the other hand, is an
assertion with claims, whether it is shared or not.

A rumor cascade begins on Twitter when a
user makes an assertion about a topic in a tweet,
which could include written text, photos, or links
to articles online. Others then propagate the
rumor by retweeting it. A rumor’s diffusion pro-
cess can be characterized as having one or more
cascades, which we define as instances of a rumor-
spreading pattern that exhibit an unbroken re-
tweet chain with a common, singular origin. For
example, an individual could start a rumor cas-
cade by tweeting a story or claim with an assertion
in it, and another individual could independently
start a second cascade of the same rumor (per-
taining to the same story or claim) that is com-
pletely independent of the first cascade, except
that it pertains to the same story or claim. If they
remain independent, they represent two cascades
of the same rumor. Cascades can be as small as size
one (meaning no one retweeted the original tweet).
The number of cascades that make up a rumor is
equal to the number of times the story or claim was
independently tweeted by a user (not retweeted).
So, if a rumor “A” is tweeted by 10 people separate-
ly, but not retweeted, it would have 10 cascades,
each of size one. Conversely, if a second rumor
“B” is independently tweeted by two people and
each of those two tweets is retweeted 100 times,
the rumor would consist of two cascades, each
of size 100.

Here we investigate the differential diffusion
of true, false, and mixed (partially true, partially
false) news stories using a comprehensive data
set of all of the fact-checked rumor cascades that
spread on Twitter from its inception in 2006 to
2017. The data include ~126,000 rumor cascades
spread by ~3 million people more than 4.5 million
times. We sampled all rumor cascades investigated
by six independent fact-checking organizations
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(snopes.com, politifact.com, factcheck.org, truthor-
fiction.com, hoax-slayer.com, and urbanlegends.
about.com) by parsing the title, body, and verdict
(true, false, or mixed) of each rumor investigation
reported on their websites and automatically
collecting the cascades corresponding to those
rumors on Twitter. The result was a sample of
rumor cascades whose veracity had been agreed
on by these organizations between 95 and 98% of
the time. We cataloged the diffusion of the rumor
cascades by collecting all English-language replies
to tweets that contained a link to any of the
aforementioned websites from 2006 to 2017 and
used optical character recognition to extract text
from images where needed. For each reply tweet,
we extracted the original tweet being replied to
and all the retweets of the original tweet. Each
retweet cascade represents a rumor propagating
on Twitter that has been verified as true or false
by the fact-checking organizations (see the sup-
plementary materials for more details on cascade
construction). We then quantified the cascades’

Time
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0 2 4 6 8 10
Time (minute)

0
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number of nodes
N B O
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4 6 8 10
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Fig. 1. Rumor cascades. (A) An example rumor cascade collected by our
method as well as its depth, size, maximum breadth, and structural virality over
time. “Nodes" are users. (B) The complementary cumulative distribution
functions (CCDFs) of true, false, and mixed (partially true and partially false)
cascades, measuring the fraction of rumors that exhibit a given number of
cascades. (C) Quarterly counts of all true, false, and mixed rumor cascades
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depth (the number of retweet hops from the
origin tweet over time, where a hop is a retweet
by a new unique user), size (the number of users
involved in the cascade over time), maximum
breadth (the maximum number of users involved
in the cascade at any depth), and structural vi-
rality (23) (a measure that interpolates between
content spread through a single, large broadcast
and that which spreads through multiple gen-
erations, with any one individual directly respon-
sible for only a fraction of the total spread) (see
the supplementary materials for more detail on
the measurement of rumor diffusion).

As a rumor is retweeted, the depth, size, max-
imum breadth, and structural virality of the cas-
cade increase (Fig. 1A). A greater fraction of false
rumors experienced between 1and 1000 cascades,
whereas a greater fraction of true rumors experi-
enced more than 1000 cascades (Fig. 1B); this was
also true for rumors based on political news (Fig.
1D). The total number of false rumors peaked at
the end of both 2013 and 2015 and again at the

(o]

end of 2016, corresponding to the last U.S. presi-
dential election (Fig. 1C). The data also show
clear increases in the total number of false polit-
ical rumors during the 2012 and 2016 U.S. presi-
dential elections (Fig. 1E) and a spike in rumors
that contained partially true and partially false
information during the Russian annexation of
Crimea in 2014 (Fig. 1E). Politics was the largest
rumor category in our data, with ~45,000 cas-
cades, followed by urban legends, business, terror-
ism, science, entertainment, and natural disasters
(Fig. 1F).

When we analyzed the diffusion dynamics of
true and false rumors, we found that falsehood
diffused significantly farther, faster, deeper, and
more broadly than the truth in all categories of
information [Kolmogorov-Smirnov (K-S) tests are
reported in tables S3 to S10]. A significantly greater
fraction of false cascades than true cascades
exceeded a depth of 10, and the top 0.01% of false
cascades diffused eight hops deeper into the
Twittersphere than the truth, diffusing to depths
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that diffused on Twitter between 2006 and 2017, annotated with example rumors
in each category. (D) The CCDFs of true, false, and mixed political cascades.

(E) Quarterly counts of all true, false, and mixed political rumor cascades that
diffused on Twitter between 2006 and 2017, annotated with example rumors in
each category. (F) A histogram of the total number of rumor cascades in our
data across the seven most frequent topical categories.
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Fig. 2. Complementary cumulative distribution functions (CCDFs) of
true and false rumor cascades. (A) Depth. (B) Size. (C) Maximum
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takes for true and false rumor cascades to reach any (E) depth and (F)
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false rumor cascades at every depth. In (H), plot is lognormal. Standard
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the same rumor were clustered together; see supplementary materials
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Fig. 3. Complementary cumulative distribution functions (CCDFs) of
false political and other types of rumor cascades. (A) Depth. (B) Size.
(C) Maximum breadth. (D) Structural virality. (E and F) The number of
minutes it takes for false political and other false news cascades to reach

any (E) depth and (F) number of unique Twitter users. (G) The number
of unique Twitter users reached at every depth and (H) the mean breadth
of these false rumor cascades at every depth. In (H), plot is lognormal.
Standard errors were clustered at the rumor level.

greater than 19 hops from the origin tweet (Fig.
2A). Falsehood also reached far more people than
the truth. Whereas the truth rarely diffused to
more than 1000 people, the top 1% of false-news
cascades routinely diffused to between 1000 and
100,000 people (Fig. 2B). Falsehood reached more
people at every depth of a cascade than the truth,
meaning that many more people retweeted false-
hood than they did the truth (Fig. 2C). The spread
of falsehood was aided by its virality, meaning
that falsehood did not simply spread through
broadcast dynamics but rather through peer-to-
peer diffusion characterized by a viral branching
process (Fig. 2D).

Vosoughi et al., Science 359, 1146-1151 (2018)

It took the truth about six times as long as
falsehood to reach 1500 people (Fig. 2F) and
20 times as long as falsehood to reach a cascade
depth of 10 (Fig. 2E). As the truth never diffused
beyond a depth of 10, we saw that falsehood
reached a depth of 19 nearly 10 times faster than
the truth reached a depth of 10 (Fig. 2E). Falsehood
also diffused significantly more broadly (Fig. 2H)
and was retweeted by more unique users than the
truth at every cascade depth (Fig. 2G).

False political news (Fig. 1D) traveled deeper
(Fig. 3A) and more broadly (Fig. 3C), reached more
people (Fig. 3B), and was more viral than any other
category of false information (Fig. 3D). False po-

9 March 2018

litical news also diffused deeper more quickly
(Fig. 3E) and reached more than 20,000 people
nearly three times faster than all other types of
false news reached 10,000 people (Fig. 3F). Al-
though the other categories of false news reached
about the same number of unique users at depths
between 1 and 10, false political news routinely
reached the most unique users at depths greater
than 10 (Fig. 3G). Although all other categories
of false news traveled slightly more broadly at
shallower depths, false political news traveled
more broadly at greater depths, indicating that
more-popular false political news items exhibited
broader and more-accelerated diffusion dynamics
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Fig. 4. Models estimating correlates of news diffusion, the novelty of
true and false news, and the emotional content of replies to news.

(A) Descriptive statistics on users who participated in true and false rumor
cascades as well as K-S tests of the differences in the distributions of these
measures across true and false rumor cascades. (B) Results of a logistic
regression model estimating users’ likelihood of retweeting a rumor as a
function of variables shown at the left. coeff, logit coefficient; z, z score.
(C) Differences in the information uniqueness (lU), scaled Bhattacharyya
distance (BD), and K-L divergence (KL) of true (green) and false (red)
rumor tweets compared to the corpus of prior tweets the user was exposed
to in the 60 days before retweeting the rumor tweet. (D) The emotional

B
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account age 0.0002 1.000160  2.07e-05 7.759 0.000  0.000 0.000
engagement  0.0066 1.006648  0.000 18.019  0.000 0.006 0.007
falsehood 0.5350 1.707489  0.084 6.366 0.000 0.370 0.700
followees -1.639e-05 0.999984  8.73e-06 -1.877  0.060 -3.35e-05 7.22e-07
followers 5.192e-05 1.000052  7.77e-06 6.682 0.000 3.67e-05 6.72e-05
intercept -2.3941 0.091257  0.072 -33.437  0.000 -2.534 -2.254
verified 1.4261 4.162467  0.090 15.915 0.000 1.250 1.602
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surprise 0.172 0.116 0.0167 0.0072 D=0.205, p~0.0

disgust 0.240 0.205 0.0260 0.0227 D=0.102, p~0.0

fear 0.108 0.102 0.0120 0.0095 D=0.021, p~0.164

anger 0.122 0.126 0.0074 0.0111 D=0.023, p~0.078

sadness 0.061 0.068 0.0038 0.0065 D=0.037, p~0.0

anticipation 0.140 0.150 0.0093 0.0154 D=0.038, p~0.0

joy 0.071 0.087 0.0054 0.0104 D=0.061, p~0.0

trust 0.087 0.104 0.0058 0.0119 D=0.060, p~0.0

content of replies to true (green) and false (red) rumor tweets across
seven dimensions categorized by the NRC. (E) Mean and variance

of the IU, KL, and BD of true and false rumor tweets compared to the
corpus of prior tweets the user has seen in the 60 days before seeing the
rumor tweet as well as K-S tests of their differences across true and false
rumors. (F) Mean and variance of the emotional content of replies to
true and false rumor tweets across seven dimensions categorized

by the NRC as well as K-S tests of their differences across true and
false rumors. All standard errors are clustered at the rumor level,

and all models are estimated with cluster-robust standard errors at

the rumor level.

(Fig. 3H). Analysis of all news categories showed
that news about politics, urban legends, and science
spread to the most people, whereas news about
politics and urban legends spread the fastest
and were the most viral in terms of their struc-
tural virality (see fig. S11 for detailed comparisons
across all topics).

One might suspect that structural elements of
the network or individual characteristics of the
users involved in the cascades explain why falsity
travels with greater velocity than the truth. Per-
haps those who spread falsity “followed” more
people, had more followers, tweeted more often,
were more often “verified” users, or had been on
Twitter longer. But when we compared users in-
volved in true and false rumor cascades, we
found that the opposite was true in every case.
Users who spread false news had significant-
ly fewer followers (K-S test = 0.104, P ~ 0.0),
followed significantly fewer people (K-S test =
0.136, P ~ 0.0), were significantly less active on
Twitter (K-S test = 0.054, P ~ 0.0), were verified
significantly less often (K-S test = 0.004, P < 0.001),
and had been on Twitter for significantly less time
(K-S test = 0.125, P ~ 0.0) (Fig. 4A). Falsehood

Vosoughi et al., Science 359, 1146-1151 (2018)

diffused farther and faster than the truth despite
these differences, not because of them.

When we estimated a model of the likelihood
of retweeting, we found that falsehoods were
70% more likely to be retweeted than the truth
(Wald chi-square test, P ~ 0.0), even when con-
trolling for the account age, activity level, and
number of followers and followees of the origi-
nal tweeter, as well as whether the original tweet-
er was a verified user (Fig. 4B). Because user
characteristics and network structure could not
explain the differential diffusion of truth and
falsity, we sought alternative explanations for
the differences in their diffusion dynamics.

One alternative explanation emerges from in-
formation theory and Bayesian decision theory.
Novelty attracts human attention (24), con-
tributes to productive decision-making (25), and
encourages information sharing (26) because
novelty updates our understanding of the world.
‘When information is novel, it is not only surpris-
ing, but also more valuable, both from an infor-
mation theoretic perspective [in that it provides
the greatest aid to decision-making (25)] and
from a social perspective [in that it conveys so-

9 March 2018

cial status on one that is “in the know” or has
access to unique “inside” information (26)]. We
therefore tested whether falsity was more novel
than the truth and whether Twitter users were
more likely to retweet information that was
more novel.

To assess novelty, we randomly selected ~5000
users who propagated true and false rumors and
extracted a random sample of ~25,000 tweets
that they were exposed to in the 60 days prior
to their decision to retweet a rumor. We then
specified a latent Dirichlet Allocation Topic model
(27), with 200 topics and trained on 10 million
English-language tweets, to calculate the in-
formation distance between the rumor tweets
and all the prior tweets that users were exposed
to before retweeting the rumor tweets. This
generated a probability distribution over the
200 topics for each tweet in our data set. We then
measured how novel the information in the true
and false rumors was by comparing the topic
distributions of the rumor tweets with the topic
distributions of the tweets to which users were
exposed in the 60 days before their retweet. We
found that false rumors were significantly more
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novel than the truth across all novelty metrics,
displaying significantly higher information
uniqueness (K-S test = 0.457, P ~ 0.0) (28),
Kullback-Leibler (K-L) divergence (K-S test =
0.433, P ~ 0.0) (29), and Bhattacharyya distance
(K-S test = 0.415, P ~ 0.0) (which is similar to the
Hellinger distance) (30). The last two metrics
measure differences between probability distri-
butions representing the topical content of the
incoming tweet and the corpus of previous tweets
to which users were exposed.

Although false rumors were measurably more
novel than true rumors, users may not have per-
ceived them as such. We therefore assessed users’
perceptions of the information contained in true
and false rumors by comparing the emotional
content of replies to true and false rumors. We
categorized the emotion in the replies by using
the leading lexicon curated by the National Re-
search Council Canada (NRC), which provides a
comprehensive list of ~140,000 English words
and their associations with eight emotions based
on Plutchik’s (37) work on basic emotion—anger,
fear, anticipation, trust, surprise, sadness, joy,
and disgust (32)—and a list of ~32,000 Twitter
hashtags and their weighted associations with
the same emotions (33). We removed stop words
and URLs from the reply tweets and calculated
the fraction of words in the tweets that related to
each of the eight emotions, creating a vector of
emotion weights for each reply that summed to
one across the emotions. We found that false
rumors inspired replies expressing greater sur-
prise (K-S test = 0.205, P ~ 0.0), corroborating the
novelty hypothesis, and greater disgust (K-S test =
0.102, P ~ 0.0), whereas the truth inspired replies
that expressed greater sadness (K-S test = 0.037,
P ~ 0.0), anticipation (K-S test = 0.038, P ~ 0.0),
joy (K-S test = 0.061, P ~ 0.0), and trust (K-S test =
0.060, P ~ 0.0) (Fig. 4, D and F). The emotions
expressed in reply to falsehoods may illuminate
additional factors, beyond novelty, that inspire
people to share false news. Although we cannot
claim that novelty causes retweets or that novel-
ty is the only reason why false news is retweeted
more often, we do find that false news is more
novel and that novel information is more likely
to be retweeted.

Numerous diagnostic statistics and manipula-
tion checks validated our results and confirmed
their robustness. First, as there were multiple
cascades for every true and false rumor, the var-
iance of and error terms associated with cascades
corresponding to the same rumor will be cor-
related. We therefore specified cluster-robust
standard errors and calculated all variance statis-
tics clustered at the rumor level. We tested the
robustness of our findings to this specification
by comparing analyses with and without clustered
errors and found that, although clustering reduced
the precision of our estimates as expected, the
directions, magnitudes, and significance of our
results did not change, and chi-square (P ~ 0.0)
and deviance (d) goodness-of-fit tests (d = 3.4649 x
107, P ~ 1.0) indicate that the models are well
specified (see supplementary materials for more
detail).

Vosoughi et al., Science 359, 1146-1151 (2018)

Second, a selection bias may arise from the
restriction of our sample to tweets fact checked
by the six organizations we relied on. Fact checking
may select certain types of rumors or draw addi-
tional attention to them. To validate the robust-
ness of our analysis to this selection and the
generalizability of our results to all true and false
rumor cascades, we independently verified a sec-
ond sample of rumor cascades that were not ver-
ified by any fact-checking organization. These
rumors were fact checked by three undergrad-
uate students at Massachusetts Institute of Tech-
nology (MIT) and Wellesley College. We trained
the students to detect and investigate rumors with
our automated rumor-detection algorithm run-
ning on 3 million English-language tweets from
2016 (34). The undergraduate annotators inves-
tigated the veracity of the detected rumors using
simple search queries on the web. We asked them
to label the rumors as true, false, or mixed on the
basis of their research and to discard all rumors
previously investigated by one of the fact-checking
organizations. The annotators, who worked in-
dependently and were not aware of one another,
agreed on the veracity of 90% of the 13,240 rumor
cascades that they investigated and achieved a
Fleiss’ kappa of 0.88. When we compared the
diffusion dynamics of the true and false rumors
that the annotators agreed on, we found results
nearly identical to those estimated with our
main data set (see fig. S17). False rumors in the
robustness data set had greater depth (K-S test =
0.139, P ~ 0.0), size (K-S test = 0.131, P ~ 0.0), max-
imum breadth (K-S test = 0.139, P ~ 0.0), structural
virality (K-S test = 0.066, P ~ 0.0), and speed
(fig. S17) and a greater number of unique users
at each depth (fig. S17). When we broadened the
analysis to include majority-rule labeling, rather
than unanimity, we again found the same results
(see supplementary materials for results using
majority-rule labeling).

Third, although the differential diffusion of
truth and falsity is interesting with or without
robot, or bot, activity, one may worry that our
conclusions about human judgment may be
biased by the presence of bots in our analysis.
We therefore used a sophisticated bot-detection
algorithm (35) to identify and remove all bots
before running the analysis. When we added
bot traffic back into the analysis, we found that
none of our main conclusions changed—false
news still spread farther, faster, deeper, and more
broadly than the truth in all categories of infor-
mation. The results remained the same when we
removed all tweet cascades started by bots, includ-
ing human retweets of original bot tweets (see
supplementary materials, section S8.3) and when
we used a second, independent bot-detection
algorithm (see supplementary materials, sec-
tion S8.3.5) and varied the algorithm’s sensitivity
threshold to verify the robustness of our analy-
sis (see supplementary materials, section S8.3.4).
Although the inclusion of bots, as measured by
the two state-of-the-art bot-detection algorithms
we used in our analysis, accelerated the spread
of both true and false news, it affected their
spread roughly equally. This suggests that false
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news spreads farther, faster, deeper, and more
broadly than the truth because humans, not ro-
bots, are more likely to spread it.

Finally, more research on the behavioral ex-
planations of differences in the diffusion of true
and false news is clearly warranted. In par-
ticular, more robust identification of the factors
of human judgment that drive the spread of true
and false news online requires more direct inter-
action with users through interviews, surveys, lab
experiments, and even neuroimaging. We encour-
age these and other approaches to the investiga-
tion of the factors of human judgment that drive
the spread of true and false news in future work.

False news can drive the misallocation of re-
sources during terror attacks and natural disas-
ters, the misalignment of business investments,
and misinformed elections. Unfortunately, although
the amount of false news online is clearly in-
creasing (Fig. 1, C and E), the scientific under-
standing of how and why false news spreads is
currently based on ad hoc rather than large-scale
systematic analyses. Our analysis of all the ver-
ified true and false rumors that spread on Twitter
confirms that false news spreads more pervasively
than the truth online. It also overturns conven-
tional wisdom about how false news spreads.
Though one might expect network structure
and individual characteristics of spreaders to
favor and promote false news, the opposite is
true. The greater likelihood of people to re-
tweet falsity more than the truth is what drives
the spread of false news, despite network and
individual factors that favor the truth. Further-
more, although recent testimony before con-
gressional committees on misinformation in the
United States has focused on the role of bots in
spreading false news (36), we conclude that
human behavior contributes more to the differ-
ential spread of falsity and truth than automated
robots do. This implies that misinformation-
containment policies should also emphasize be-
havioral interventions, like labeling and incentives
to dissuade the spread of misinformation, rather
than focusing exclusively on curtailing bots. Un-
derstanding how false news spreads is the first
step toward containing it. We hope our work in-
spires more large-scale research into the causes
and consequences of the spread of false news as
well as its potential cures.
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