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B AERT ST AT NS 5G4 35 18 PR SR O B s ), S5 T 5 W 2 (5 B AR S PR A 9] it
oiaE B RAEEE L.

R 2 Bk T R AL SR A I 1A — A o SR, B A AR 2 AR ST,
(1) FETALGHLARE T2 B ol i FARE TAR T B, SRR AH A5 B i 15 e o (10~121
JFUEESE IE(S 5 1314 L B g g 0O By B A5 R 2L AR S M KRR LU (9] SRRFAE, 2 R IRk
SRR (1118, 10161 5 e g ] 1101219 07) S0y B S KON IR B AARE S (R, IR T
NTRSAE, TN TRFAE 2 SR EAE SRR M7 W oAt 8], PSS A4 AIE 1] B 0 8 R P B AN G 5.
(2) ZETHRFERIR S ST TT i B SR Gl A 20 B B T AN 1) B, R AR 1) BEA IR A g —
ANEEAR, SREU t-idf 7)) doc2vec B 18] SETHELAF R SCARIR LA RO ik — 1P R RFEREAT <H
~ P REFEREAT A R E A B R 2R T PR E 8] 2 JE R XUZ GRU Z4KERL (GRU-2) 7
BRIE M EZ L (CAMI) B, JRE IR (CSI) 18 45, SRS HIHF AR LR, FER R E
RN I E AR AT 7028, (HAE, BRI 18] BN OB AL — N AR SR IURAE 7 2K, 3 7
JoidkZ 1A B A IR I FeAE 2 JR L, FEF P R T, &R R SO B
K. MeAb, e S IEAE 5 18] S8 SOAVE AR R IE AR ¥ P RFAE CAE DR RO FE AR sP RS 1 B0y
FIRCR, %07 5B0A A B L9 AR R, 20 RERLIR.

BEXE I R, AR SCHR R T 0 SRV R AR AR A AR F AN 5k, T, %05
S R I I GRU M 4% (BiGRU-Attention [25), M S I AN [R] B2 1 43 2 2
YN T B A A B ) B 2 3R s AN 18] B 91 IR R 30 53— 5T, AZ 7RI R I 18] B L 1 e
SRS S P AR TS OU A 2 b SCARTEAE R AL AN J5) 48 A7 R AE, 325 TR X L85 E -5 I 18 B A Al 1 1 271
RS Z RN BEAT RF AL R . 207 IR REE 1l R B I 8] BE A BRI K I A5 R, O LR SCAR I AR A5 R AN
FRF P SRS (0] B R o, AR TR IS AL 08 SRR e A SCKA Ma 45 71 78 2016 24
TR AR B AN Twitter BERBEAT RS, G55RH, 5 H T Hdr M3 HETEM L, 207 EEHT
IR EE S LIRSS T 1.6%, 1£ Twitter R4 L IEFIRIER 1 1.4%, IREFHIGIE 117K
ARNE. BeAE, 1 RIIE SRR S b, 207 kR TR T R TR I T e

ARSCER 2 WA PR AT BEAARVE F RN A R AT T AR 58 3 OB T, AR AT
JEVE TR I AE AOAL S AR S AN TT 105 3 4 A5OSR R oA, i 5 B HE T VEEAT X EE SRR, BRAIE
ASCTTAEAEA S GRS A h A R 55 5 TN AGE.

2 MExI{E

F AT P M 0 4k A2 AR VT 3 AN RO RIF 8 A 32 BE0] BLA AN R, — SR TR gL a8 2% =)
HIT7%, 5 — KRR R TRHER R I 5%, BTGNS 2 I INE RSP IEBOT B, %26
TIERFFHE LR T B, WA AR OGS B P BN LAFAE, R UL . SVM. 55 73 8385 F - AT
432K, Castillo 55 M 7E 2011 SFFEHL T 140, 6% URL MRS S F P MR B REE, 315
ORI BLDSRATINNE 5 5 Yang 45 12 75 2012 2R 1308 B R st BRAL B L R AR % P 3, A
FOUAFE S B B SR RRAE, BEMAIH SVM 23 28 8Kl 5 ; X U 58 LA 20 AIFE Twitter
PSR R R EARIL T 2 MR EHRHIE, HR R RO T N Liscrt, A DAAS BB 1) S HR
J& B HIRT T TARAE R LEAFAE LR LAl 12— 2D Hdh e, FEPBHRFAE . P AL AR AR RFIEX 3 ANJ7 T
P48 2 3T BT AERFALE .

(1) 76N ZRFAEAH FUREAE 5 T, Qazvinian 25 191 76 2011 4K Bayes 2085 f 2 T B AR 7
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A MU, ST T i P2 AT 5 L 17 9 o V8 5 MR SO FAE 2 AOEFEEAS E: Sun
500 i 2013 SF BT 2147 A RSO A 5 £, SR T BB 7 LTS o) RO L A 72
I 554 Zhang % 10) 15 2015 4R F TG PHTRISHOOLA L WSROI | JEL P BOWL ) 25 27
SEFLEAE: Liang % 110 {5 2015 4E4HL T 474 FBESCA A 000 OB 4 0L P9 R R A
B, FEIRERITERO A P50 R BRE R (7 9RHE: Zhao 5 19 22 2015 46 T B R
BERIEERS S A0 MIB EL). 5 hashtag ROBIS DL, 47 URL RYR HCPISFHHE: Hamidian 4 20
1 2016 4R T PP RHIESCHO 3 (ERE SR .

(2) FEAEHASAETTTH, Ma %5 17) £ 2015 4E6%F BUEE TR0 T 551 LA R OB, 31
H1 7 SR A L SUBURRE IR 25, S50 T 05 BLS HORHECE 5 LA A 02 T o B D 3052
MRS E: 205 Ma %5 0 SUE 2017 40 tORI O£ 7 KR M 5 4 O AF O e 9 o
FFARBMRFAE: Lin %5 20 12 2007 S R0 2 M 2 2 IH0% SRERT T RGEAPHT, ST 35 B it
T SR VR AT P S

AR R B ROV, 6T (50085 S B R 25 KR - ) TSP,
TS BT IR A0 W0 IR TR A E . B P 265 RS R RO RO

AP, BRI 21T e RO B2, VIR %) AU T SR, NN B,
RNN 291, LA LSTM 26) S5 i/} T 00 SO SIS EATRHERR 2 51, MR 7402 (27, 853
08, SR AR 0, LLRCHLAREE 0 SFIL R, ORI T R o ST I b TS W
PR IR K L. % e A TP O DA, PR LB 4 B9 — 1 B PR
EFLE, HAFIMZR A B, ) SRR TR, BURA ST A Ma % 11 £ 2016 45
F UK VR ST MR FE RS PV 75 WA L, RUFE efiat 5040504 1) B S
&, TP AR GRU 94525 5T B AR RORHERR; Yo %9 28 2017 4560 doc2vee 7k I 182
PRI SCA i, 6 BSOS I AEAEIE, JFRF ONN 33 A RUE 5
Ruchansky % 051 £ 2017 44U} T MR A RIEBZL, FFIHLZ LSTM ML R4 ] SRR %
7, JERE S P SRR T P SR RAEREIEAT A S AR B0 R, B
T RFEVEBE B 0 AP E I RERT IR 492K Ma %5 9) £ 2018 £EKHE 2 RN BAES 551104 F
(£5%, FURET RNNs (R 5 STHUL, 81T EIRIZIOR, RUFHE IS 4 42
il BRI DI T LA A 31 A RO ROR, (LA 18 SO 5 SRR T P 5,
FLZWS T B IRLER 4 RS IO P 3 L, XV 2 KM R T — R O

3 REFE

3.1 [G)ERHE

AR GEARVE SR INAE 55 B AW T Q] MAEAZ AR rR A IS 55, S o A RN, AR ST
FIE A E LT B — AN FHES B = {er,ez,e3,e4,.. F MI—DIGIESE L = {l, ). HH, ¢
R APUEELE, e PRSGHHETHRBE ma; KRR ¢55, B e; = {(ma g, ti )}, b, la AR
T E AR 5 XA IO AREE. A BARTE SIS 2 B 5] — D R ) R R FHAT e WYY
JE AN BINRZE 1, B f - e — 1. BRBIEPAN S — ST 3 T2 TR S, o 2 iR X B
P2 (B /ARES), B E M RONIE S

1560



HERBYEERE B8 E H 1Y

Event classification

Module 3
N < Time intervals

attention

Time intervals
\_ encoder

Time intervals

Module 2 .
representation

Microblogs
attention

Microblogs
Module 1 < encoder

Microblogs
embedding
N
B 1 (MEMEE) BT 5 REENMEINIIIEERIES NRE

Figure 1 (Color online) The model of rumor detection in social media based on hierarchical attention networks

3.2 ETHREEIBNMERMZFEESRNSGE

N T RN 1) B A O TR B IR PP A L, ARSCR A T 3 )23 2% (hierarchical attention net-
works) 73] AR J2 T AT ) BEJZ T 27 >3 1o B A 18] BEFP 91 I BRUR RIE. AR, AR SCAERS I 1] B
PO A — N BEAR SR BURFAE RS, Bk TR H doc2vec J7¥2: BU THEAG B I SRR IR AN, B854
Jii 5t BB AR 5 A8 SUATBAERFAE AN T P VAE T BUA5 R 8 FH P RAE, DAFER [R] BGRR BN SCAR TR RS B
AEFRF FE B A SCHR A 70 2 ) W 48 A A A 5 A R &) 1 s

X T4 E R FAAR A S, BRI PAE: (1) I TRBON BRI I SCARTR o p, HP
t FORH t DB, b RN R BN SRk ARGUE; (2) FHE SN AR ARHE P& 2y, B35 BT5E IR
B9 FPNERSOUERRAE. B A4 O IARZE (W 5 /ARE ). B EEZAEm T 3 MRS

(1) 2T BiGRU-Attention WZ& FITHIH 5 5 27R. FEMLT 5 Sl [a] B A 104 2% i 10 5
AR doc2vec J7ikit AT BT SCA IR, IR HAE)y BiGRU-Attention W48 7E 2N ZIKIHIN,
AL i L B 20 S0 R 1R B A B e A1) s

(2) ZETRAERL G I ) B R, AR, SR AR AR R T B U 1] B A ol 1 R A S A
He 3 I ] BARRAE 1) B, JF 55— 5] S A I TR B A A P A1) A 0 o A2, ) RS ] B 5

(3) T BiGRU-Attention 2% 1 [ BUFP IR, AR, g 2% AN 8] B s v
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i3 BiGRU-Attention £ 3R1GI [0 B SRR, FFAF N FAFIIRRRERIE, St 532K

3.2.1 EF BiGRU-Attention MR HEFFIFR R

HF BiGRU-Attention W45 (37 511 2735 A2 MR LI T 25 =0 4% AN I 1) B A B v 1 B0 R B2 3R
kMR BEAE— /A GRU 2 (BiIGRU) Ml—ANMEEJJE (attention). XT3 ¢ M AIEL, %
B AN FE I 18] BN B SO AR o, Hoh b RORIZI TR BCN IS & 25000, fa o B o)
) I 1) B A SR 51 B

—J7 I, FEFAFR B A BN, PR XA GRU 2 RA R 18] Be A Sl A i 345 2. A%
GE R PR AL P 2% X RE T R RIS B, XA 1 GRU W48 BERS Rl 45 53 25 FRSK (1
TR SCARR R A B RTI ZU g . 53 4h, GRU 1 LSTM —#£ 1] LA P K IR 0 #, B GRU Fr g
RIS EL L LSTM /b, 32X GRU JESEUUN 8] B A % Sl (K SR RIS ¢ TSI ZIBRIN,
HARMTHE AR T

hl, =GR RU(co), ke [1,T1], (1)
hfg,ﬁé RU(cix), k€ [Th,1], (2)
heg = (bl BY k), (3)

o, nf, A0 RE SR RUART RS L GRU MESLERZ) & (S, Ty )R, RIS IR BE P e
JFIIRRLE, (b bt ) FoRIX A B ERE, hy e FRAA GRU ZAERZ k(5.

i, AEXE GRU JRZ b, SEHCR E R EXE GRU JZAE SN Z1 1 H AT AL
KA, PLERHUGOE 2 R R . X XE) GRU 24 5] N R LI BE4R XU R GRU ) 284t 2
WEFPI (heyshea, - her,) TP ANFFIBUE, SRR 22 ST 51 AR I R e 6 A5 i (] 26 3t )
FH I ] B A R P 205 S R )3 AR GRU M AE & AN ZI T Ry TERHIN, % HH I
[ BEN PP 9 R, BAR AR

ug i, = tanh(Wehy p + be), (4)
exp(utTkuC)
= Y—_— 5
Atk Z] exp(ugjuc) ) ( )
it = Zat,kht,]m (6)
k

Horb we g N by 2233 LA tanh J B0 BB BROBUZ 5 BUITAS 21 by e IIFUEROR, ue RENLRIIR1L
IR, ay e AIRTF XA GRU P48 2N ZI B S RS HOBCE, Rl X B2 RS by IBRZ RIS g
BEAT softmax SRIEALSEAFEY, i S IABUR AN BT 21 A I 18] B L 81 AR

3.2.2 ETHHERSGHIRTEERRT

SR AL R A OIS 1) B R K BT 20 B RO 811380 5 R P RFAIE A2 T B BRI i 1] B
FAEREATIER:, [ RINA BR S, s R RN G R, AR BB
BRGS0 4 DLSGERERFIE TR 7 AR BRI 18] BURFAE R & 2y, a0 NI TR B OR dy.

O, KBTI BN R B — AN B SR RHAIE 2T BRI [0 B (RRFAE, 0 A B BRI
MEREATE, 133 8 B IE & o, FEP AR OR R ERIR (text vector) A7 A ARSIt LE 4
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Table 1 The features of the time intervals

Feature Description
Text vector Calculated by utilizing doc2vec
Content-based features Enquiries and corrections % of microblogs with enquiries and corrections
Length of microblogs Average length of microblogs
Personal description % of users that provide personal description
Verified users % of verified users
User-based features
Users reputation Followers/followees ratio
Users activeness Followees/followers ratio

*2 BRBEERFSENFER

Table 2 The regular expression list of enquiries and corrections

Chinese English
(731X | I8 | ') —AEME is\s(?:that|this|it)\s true
fH4 [21[71)* whla]*t[?1][?1]*
HM?7) BR7 | RIE | BB | BRI | REIUESE real?|really?|unconfirmed
wE |\ rumor|debunk
(2 M| X | B) AZEM | RM (?:that|this|it)\s is\s not\s true

(enquiries and corrections) TIE K (length of microblogs) 55 SCAWETEAS B UL IR NFHIR Y
F P EEA] (personal description) IAUEHIF P LU (verified users). 7 A5 829553 (users reputation) 1
PR (users activeness) 555 H 5 B BARFRHIEMNZR 1 Fios.

FEZR 1, BUBE S IEAS 5 /2 FH P R e AR S0 S P 208 ) 5 B IE 25 FE RO SR SCAR N A,
CELIR NG “ELERIFY 4. Zhao 55 131 WFE 2015 AR A IENRIAILEL Twitter H Y SEH IEE 5.
FER T S 1) AN I TR B, ASCIRIRE SR A T I 2 SR VL B SOA Hh i 5 A7 i St S AR A5 5, 1T
SR FH G IR 18] B A 717 A 5 5 B TEAS 5 IO L9 SR FH (05 58 B A = IE R IA a3k 2 Fos.

SRJG, K AR 3T B I TR BO N SOE e A B3R i I N — DN EER)R, 1ZJ2 KA tanh BREL
VRO e, T A3 2 8] B AP S B 238 e

ft = tanh(Wdit + bd) (7)

e, KRR (] BURF AR 1A & 2 SR BRI P AN BZ R0 fr BN G R 34T IE R,
PRI BRI dy, dy PR T I R BC N PP S IS P45 8 SCRTBREAS B AR 5 B

di = (ft,$t)~ (8)

3.2.3 ET BiGRU-Attention MEBIRTEIERFFIFK T

3T BiGRU-Attention 45 IR [R] B 51 27 A2 AN IR T B J2 1 2 ST I 18] B B A B2 3R IA . 188
B S NWE GRU JZA—MERIIZ. AN RIS d, f 9 8 B 751K R v
XUE GRU JEARMCS I 18] BEAAFAE A & dy ARSI ZIIAN, K20 GRU JZ REWS (8 7945

1563



JBEAE LA BT 00 2 2% A S AR 5 A

R[S 45 3 AR I TR BE R, A B AT 2 B RS he. BRI A 0T

hf—é_ﬁdt tel, T, 9)
— GRU(dy), t € [T, 1], (10)
ht::(hf,hf), (11)

et nl NI GRU MR % ¢ f%i A, hY AJR AT GRU FIZETER %] ¢ (% E, 75 it
5K, BUR T BB, (R, h) AP IIERE. hy FoR XU GRU FIZEERTZ) ¢ 4

IR, ASCAEXUR) GRU JZ2Z FIEIN 1 — MER IR, MG BRIAE R [0 BT 51 3R s i RE A T
i 5 3t 0 PR 225N TRV B )5 5 P RO SR RO ) GRU RS E A 23t (KBS B0RAS b, 2B
FRN 8] BB R ve. VERDJE BIAR R A SR T

up = tanh(Wahs + bg), (12)
exp(ufugq)

— b\t ma) 1
et 12)
Ve = Zatht, (14)

t

Horb wy N hy Z23LLL tanh SAEEE BRI BGEUZ IS FIPTR R by IBRZRIR, wg NBEHLRIEAILH)
BUE, a; FIRT A GRU P28 5N ZI B S RS FBUGE, 2l xt B Ras by MR RS u, 4T
softmax SRAELLJE 152K, v, JIIBCRANE Fr 45 2 K 18] B 51380

P SIS T B IR IR v, AT DB AR R B &R BRI B2 RIE, #EMR %R R RIEIEAN
— AR, ZJZERHA sigmoid 1B WIS AL, i HZ I SR TR Le:

Le=o(WXve +be). (15)
3.3 {REKRF

9T A R A R T B 28 B T LSRR AS:, AR SOR A SR RA B 31 SEARZE AN I b 26 2 1]
IR VIR E . LSRR8 A T A A8 O 58 SRR /S, 5 B — 28 RO RE DA Pl iy, 7R ) % 35 AL 178 o
af. Bk, FEIIZRdRE T, sMEanst (16) Fosise Ok g, Horp N RoR I8 h i A5
BB Ly R G AR R SERREE, L R § MR TARAS, 0 W S HUE S

N
Loss = — ZL InLj + ( L-)ln(lfﬁj)]Jr%H@Hg. (16)

[FIS, 97 BERACE A S A R, AR SO 22 E ARGE W, M1 GRU WIARCE I L2 1R 4L,
Xt GRU i2H] dropout IEMIAL T, BEAk, N T PR S SAGHE FE , ASCR A Adam flifb Bk 32
REFHRRA AL

ARSI I G SRR ISR 1 o, AERRUGEAR, SRR SRR & 1R Dy SR AR i A\ 2
i, 8 BEE R MG, SFAFFARIRERR, JE AT 7028, 193 FA R FARAE.
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F 3 RIARHBURES TR
Table 3 Statistics of the dataset

Statistic Sina Weibo Twitter
Events# 4664 992
Rumors# 2313 498
Non-rumors# 2351 494
Microblogs# 3805656 1101985
Users # 2746818 491229
Average time length/event (h) 2460.7 1582.6
Average # of posts/event 816 1111
Max # of posts/event 59318 62827
Min # of posts/event 10 10

BOE 1 BT R R M AL A BER v F R R i I R 5%

BN WAHBIREFMES B ={ei,ea,...}, T e = {(ma g, ti )} )2 BB BSAREES vV = {v5,95, .. ).
1 WA HES o, BOERKE MAXEPOCH, 4ATIER IR epoch < 1;

2: while epoch < MAXEPOCH do

30 XEAFE e, HEX R TRIARE Li;

4: fRHEX (16) THHEHKME Loss;

5: HRYE Loss MEFIH Adam MW E LT HSHES 0,

6: epoch < epoch + 1;

7: end while

Wi NIGERRIRRRIENSEES 0.

4 SLIG RO
4.1 SCIGHIEE

AR Ma 55 7 75 2016 AT B T HAS AR R 5 R 7 R3O 2, Z AR 465 FriR 1
A Twitter FHANERr. H BTIZEUEEE QLA CHR [7,8,15,18]) A EH, LA AR TE SR 1) 7 L f
SRR, £ 3 A BN EIRE R TR,

PR SR B 4664 NFAF L FAEXT N AR, A FAEE 5T 50, BAMEM R
P23 TR R AR e h se B AR . Twitter BB ES 992 MM S FAEXT BLIFR2E, BG4
A5 H5 T 2% Tweet. HEPRSEH RIEHE T A FAFAH M Tweet ID, BARKIA AT HATHAIAH Tweet ID
M Twitter B 7 FF UK APT 2 H3REL. /1T BEE I 7] (OHERS, 359> Tweet C M BREE W E T 15
BB, 3X 5 Tweet A T0VZEE APT #2 F3RECE, ToiEIREEI N 1 Tweet 295 2300 10%. Itk
Ah, T Twitter ZUAEEEF ID N “E354” HIHHAEH Tweet P ASIITCIESREN R, S256 HRAME FZ 3441
FHIRHHE.

4.2 SEEIFMNIERR

N T PP AR ST 3 AR A R I F 5 DR R0 AR AT X B, ASCR A T 5 3CHR (7,8, 18]
MRV SR RS, BILEREIEAR dERR . HRRM F1E 4 PP ER.
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(1) IEFIZE (accuracy). IERHZF NP IER 73 KM S80S FA D BUR ELE, B, B

R 7 S NE RE AT

(2) #ERZ (precision). #ERFYPRET LMD FRNIES (BERES) NEHFSES D RNES
(B S) B e B LA,

(3) HABIZ (recall). HIRIFNPRAIEH P INES (BEHFES) KMFHLERSLHONES (BEE
) MFR R L.

(4) F1{H (Fl-score). F1 {E AR A [0l FPUBGR A2y, X HER A H B R 125,
HAHE AN F1 = (2 x Precision x Recall)/(Precision + Recall). F'1 {E k=, #2815 S GE R LT

U

4.3 IRIMESSHINE

ARSI IR BN, AbFEEE: Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10 GHz, #1E & %t: Ubuntu
14.04.5 LTS , WA%: 32 GB RAM, GPU: Tesla K40m, JF &7 4: Python 2.7.13.

SO R BRI A 0N, B 5% AN ISR, 10% 1ENIRIESE, 15% 1ENIIREE. hF 4
SCHESRAE TR TR BT, 9 T R H S 0 SRR AT LR, TESRIG SR E b, ASORER T
SCHR (18] IS E, BRI S BB BIF R RE N 100, ¥R KERN 0.001, 1F
ML 2% A BN 0.01, dropout FIBEREE Jy 0.2, & EM GRU ZE B ICHEE N 100. M4,
SR T Ruchansky S57E SCHR (18] H A4 FH (1 it S0 A4 BF (8] B 43 81 ¥, 1205 VN Tl 19 R AT B (1]
FRTESS TRDAE 5 AN FD B4y “RE ) 8% ] — /NS A RO i U N T — B ) B

4.4 SEGXSLHEAREY

B AT 5 e ide B BT VEAE AR R B 5 BT R siie, ASCIR L 1 BA R JLAN B HE 77

(1) DTC FER M 2R RBR L T 5 8. 8 URL MRS P M R 8. RAT R
PR 2B IR RRE, R J48 YRR HEAT 42K

(2) SVM-TS A& 8Y O71 A8 BRI F 20 25 B 18] 75 270 SR Al SR INAT 10 o 1 AR A B i [ () 8 15 10
FE¥e BTl SR I I [A] AR DCRFAE AN I A S S AR R AR I 32, SR SVM. 73 B2 347 432K

(3) DT-Rank #5284 18] 3248070 Sl ) Y 1E U 3 0A SRUC L -5 53 5 B 1R A5 5 M OGSO, 3 A 4 5
58 S IEAS 5 IR, AR 5 R GO S22 T (R AR AL R X X BT AT SR8, I 9 o MR g g2 i — B
SCARFIR. 2 J5 ) AR e A% o N AR TUIRAE 2, 555 R A A 0 SE B TR A S BB I bl ] 4%
G RFER O AR AT HE T

(4) GRU-2 #E8Y 7). 58 8 S ] F R0 0) Ak P S A gE AT I (R B 23381, SRR A efidf ik e
AT B SCAR SRR, B i RFBUZ ) GRU W48 K2 2] S AN AR 1 B ERoR, FFiE— 0 seBilx
AR 228,

(5) CAMI L2 8] A R S B ol P = R 3 R S B TR B, R A doc2vee 7 V23R BUREN I 1]
BUSCARR IR, MM R R IERE RS, 2 J5 R B A 28 I 2 2 S U A B 2 0w, adkim ik
FT AR 525,

(6) CSI FEAY 18] ZAR AR —FRAIREERA, 73 3 MR, 55 1 MEPUR A LSTM M 4% K2
IR IR R R IR, 5 2 AMRYCR & B 2 i 77 R A 4 R B P RHAE, 28 3 MR & 1T
AR FE AT S A 1 2.
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F4 ZRAERE (R: ES, N: EES)Y

Table 4 Rumor detection results (R: rumor, N: non-rumor)®

Sina Weibo Twitter
Method Class
Accuracy Precison Recall F1 Accuracy Precison Recall F1

R 0.738 0.715 0.726 0.618 0.604 0.611

DT-Rank 0.732 0.614
N 0.726 0.749 0.737 0.609 0.623 0.616
R 0.847 0.815 0.831 0.690 0.772 0.729

DTC 0.831 0.709
N 0.815 0.847 0.830 0.733 0.643 0.685
R 0.839 0.885 0.861 0.689 0.793 0.738

SVM-TS 0.857 0.716
N 0.878 0.830 0.857 0.754 0.639 0.692
R 0.876 0.956 0.914 0.712 0.743 0.727

GRU-2 0.910 0.723
N 0.952 0.864 0.906 0.735 0.704 0.719
R 0.921 0.945 0.933 0.722 0.814 0.765

CAMI 0.933 0.752
N 0.945 0.921 0.932 0.790 0.690 0.737
R 0.930 0.976 0.954 0.806 0.714 0.758

CSI 0.953 0.773
N 0.977 0.931 0.953 0.746 0.831 0.787
R 0.966 0.974 0.970 0.778 0.800 0.789

HAN-FC 0.968 0.787
N 0.971 0.962 0.967 0.797 0.775 0.786

a) Values in bold represent the best result in each category among all methods.

4.5 SEWLERD

4.5.1 AXFHESEEFEMESENBRITEL

N T BRAEA SCOTVE B R0, W AT AIAT B+ A SR 5 Aan il 7 VAT R L, SRt A an
® 4 PR, £ EFTF 452 DT-Rank, DTC, SVM-TS, GRU-2, CAMI, CSI #i8!, PR AR
HAN-FC (hierarchical attention network with features combination). 7E3 4 H1, 285 (class) 0~ R
N, 735K ES (rumor) MIAEREF (non-rumor). 7ECHR [18] A KM T IEMEME S KANM 18
VERVEU HEAR, A ST IR 05 SRS 40, DIRAESR 4 IR 2 H MEA SCUPAN F8 b 52 IR S 56 B ol
133 (1) e 45

M 4 TTLUE H, XTI HET 7, SVM-TS BABYLEFRISIE AN Twitter 208848 Bl 2] 1 85.7%
A 71.6% WIIERAZ, I TGN F I KT E IS T Sl BRCR. TR EE THRHMIE R R 5 2] (1 71
o, CST B AR BRI A Twitter 2¥85E 0 nli& 2] 1 95.3% 1 77.3% BIIERAZE, 315 7 AT %
HHR I I RCR. Ut B2 TR R 5 2 75 5 T AR G LA 2 ST T VR A B A A B R A . A
SCHTHE 7 VEAEFTIR AN Twitter 204 4E EIE#RZ 5 AIAE] 96.8% F1 78.7%, 7 ALk CST BLAdHE
BT 1L5% A 1.4%, 43 Ak SVM-TS AU T 11.1% A1 7.1%, B 7 bl 3k v U v2s 5 0 A 0 5 R
BER. RAN, WK 4 e DUE BRI SR RGeS Twitter ¥4 EA BRI E R, 1X1]
AR T Twitter ¥4 H A HE 2R A G E 7 HE0E BRI i 75 B e s 7 —2
=AU

BN, R 4 (SREe 4 Bk ] DUE Y, fEFTR IS SRS b, AR B AR IR 1 EM
MVE bR B35 T AT kb R . SR T R T R I CST AR L, BEXTIE F FHAR F1
fHIRE T 1.6%. f£ Twitter F¥EAE b, A H M TTEEIEMZE E SIS #4400 FLE ESET
HEFIEP R RME. SEMET AP RRE CST AL, £ 000% 5 S F1ERERS T 3.1%.
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Figure 2 (Color online) Results of rumor early detection. (a) Sina Weibo dataset; (b) Twitter dataset
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4.5.2 AXFESEEFFEFRIESRMNES hRRRIIE

FIABE SR (rumor early detection) fF55 2 /EAS S AL F A o A B BHAMT B, ta il sH4F 2 5 R
WE. ST, RERRFAAERIEE 1 AR R AT A TN R I TOEAE AR N R A 24

N T VS AR S VEAE R 0% 5 RIT S5 R 8UR, AR SCE R T SR A G I ER 1 260k 5 1
9 NFIA] A (3 HIE 1, 3, 6, 12, 24, 36, 48, 72, 96 /NEF). FEARRANEFA] 5, AT LR E — N AR R S 1 5
1 Z A R A o T) 25 3 F ) s R s T B, R SR R XA B 10 5 BBl P AR S A4 B BN
IR F— A CUNZREF R B35, Ak, ASCE SR [7,8,17) [RIFERE 72 /N Al
54 /NI AE HTIRSIE AN Twitter b1 B J7 ARRFEI 8] (official report time). A7V K
DT-Rank, SVM-TS, GRU-2, CAMI, CSI # 84 7E %N i [i] SO 0% 5 A I RO a0 2 .

M 2 FHRTDAMEL R, 7 12 AN/ P, S ANBEEY (1 0% 55 A 00 1E A 2 A b 0 S B S TR FE T
EFRRE. ULBATE R DS RO, SRR BRI R 2, U S AR ZE. IEfZE E R
PR, 15 B TRY XoS 12 F T] 31 ] P ) A5 . D AR e s, A 2R A 380 922 i ] i Bl P PR A5 IS
J&, B B P i IR 2, R TT DR I HE B A IR AR

M 2 dits ] LB, LT 12~48 /MG, HAN-FC 25k 22 B0k THAE R 7 27 ST 195 1210 IE
ROIEAETHRE. YOI TRIE R R 2 2T I 5 A R R 5 AT 45 P BE A% T MR 5 AL f B v
PERE. J94b, FEIRF] 96 /NN, MR IE R SR 4 TR IER R BN R, SEHIA R 96 /N
J&, B RS T BN E TS BRI A2 5 9% 5, ERTRMIEEAR R Twitter 255
IR RIS IR AT A TS SR AR 1 S A AR

IeAh, fEE 2 Rl DU SRR, fERRMIEE RS b, ASCIRI DL K CST AL IERf 235 7E 12 /i)
BRI IS RS 5E 2, T CAMI, GRU-2, PAJ DT-Rank HERIZE 24~48 /NEFE B P IA B E25E i, SVM-TS
FEULE A8 /N 5 IERARATSRLEA T T, A SCREAY DL S CST BB TE 5 Jod b ) PNk 21 1 FeE s, HL LG
Y B T AR BRI R L T 4 60 NN TTTAE Twitter BUEAE b, A SO IFE A 50k 2 o e it
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Figure 3 (Color online) The effects of epoch num on experimental results. (a) Sina Weibo dataset; (b) Twitter dataset
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Figure 4 (Color online) The features changing over time on Sina Weibo dataset. (a) Enquiries and corrections;
(b) personal description; (c) verified users; (d) users reputation
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Rumor detection in social media based on a hierarchical attention
network

Xiangwen LIAOM23" Zhi HUANG!23, Dingda YANGY?3, Xueqi CHENG* & Guolong CHEN®2:3

1. College of Mathematics and Computer Science, Fuzhou University, Fuzhou 350116, China;

2. Fugian Provincial Key Laboratory of Network Computing and Intelligent Information Processing (Fuzhou Uni-
versity), Fuzhou 350116, China;

3. Digital Fujian Institute of Financial Big Data, Fuzhou 350116, China;

4. Key Laboratory of Web Data Science and Technology, Chinese Academy of Sciences, Beijing 100086, China

* Corresponding author. E-mail: liaoxw@fzu.edu.cn

Abstract For rumor detection in social media, the majority of feature-representation-based studies capture
textual features or global users’ features according to a partitioned sequence of microblogs. However, these
studies ignore the time-series information across the microblogs in one time interval. Moreover, the latent textual
information and the local users’ information, which have been proven effective according to the traditional machine
learning methods, are overlooked in capturing the time intervals’ features, resulting in low performance. Therefore,
we propose a rumor detection method in social media based on a hierarchical attention network. First, microblogs
are partitioned into several time intervals. Then, the variation of information across the microblogs changing over
time is learned using a bidirectional gated recurrent unit neural network with an attention mechanism. After
that, the variation of features across the microblogs is combined with hand-crafted features to incorporate latent
textual information and local users’ information into the time intervals’ features. Finally, we capture features’
variation across the time intervals by using the bidirectional gated recurrent unit neural network, with the attention
mechanism, and classify microblog events. Experimental results over two public datasets, Sina Weibo and Twitter,
show that the proposed method outperforms (in terms of the accuracy) state-of-the-art methods by 1.5% and
1.4% over the two datasets, respectively, and it is effective for rumor detection.

Keywords rumor detection, hierarchical attention network, social media, time series information, deep learning
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