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D Z RGBT RTINS 225 . USRS SIS PR ZEERAE A TR IOAE R, WOk TR
GRS 5k, MG @ FIETTHR. @ PRI B KBRS LURH R Sk HE, iE E Tk
BRUAT BRI S0 . e, DL @ pREST SRR I < DL S — WIS AR T %0l U T I
W Zg e, B E BT 11 AZNIR, NIRRT 10 T35k, BEJE, & KBRS 2y i, an (VR B
RERPFR T CRAY, YA ZURRUTE) | SEI R AR L (R 21, A 2 7)) | il 221
THERIZM TR — DR EHTE. BRI G IS BN A LA BRI e
FEANE P B 5 — 5 T B A R T A A A B I AE EAL AR SR 5 ., R I HE 21 i o) 246 B
PEIT B AR IR IS B A R A DL 5 T 35 IR AL, Sl A S S AR 2 AR R ik — P R B
o5 AR A V0 Bl Y B SE SCAE R AU . A ELAR R AN B 7722 MU, RS SRR A Py 25 vl £33 2 HI W
FEIEANE 55 0 S i PR BRI 1) 73 I BE 7, D9 ERE (5 AL AR N Bl A AL RE A 55 TN $R i
FISCIEFBL, OO T EATAARTE . Tk A PR BUR RT3 R SGERIBE U . AR S ZA R Y
ST T BRAGAE B AL AR IR A A SR AR [ 6 bk LA R T FURE J EAT 7 i 5 2508

2 HIFEEMEBRLERRLSH
2.1 BIFEEEERUERRE

5 R R N 1 — PR TIRE, & 2 HE B AL R KA L 1015 8 A Bl A A A
FIAAE BAHMGE M — D Eh SRR, 72 AR 0@ A2 B ORIV R SCLE BAL IR PR A2 1 L K A%
FEMCRIOIG 98, PRI, AT EERHE R R o A7 A8 AR O BB EAT A, IR T — A2 e R 5 BA%
& RPCMA 8 iz ] DU A FRos y— A Tunél

IP={P,R,C, M, A}, (1)

1, IP (information propaganda) F/~ {5 B HIEHRREE 1, P Fn (5 B EMRIES, P =1, ..., pi,
oD R BRERBWREMRIES, R = r1,...,1j, .. ,rm; C BRERNBMRNES, C =
Clye s Chyenos Coy MORTAHRIEN M BRIVEE S, M = ma, ... ma, ... my, IF BAS BAEA R RIE SRR
ZIEABAFFEAE A B AL A 5 R, A RoR & BRI RCR TR, B BRSO R IR RS ay, .. - as,
o MANBUE w1, .. wy, . w, B AR, SRR BOR VPO, — 77T OSSR R 1 5t
EHATVEAG 00T, 53— 07 T AT DU R R 45 B s i, iy sediAL sk ] 54k, ik 5 A et
FRE SRR R 1 s,

AL PRCMA B AEFE 1) 2 AN B ZORFAE LA HE Ok, Gl xof B (5 B AR AL RR L A o
AFAE R 8 7] R DA AR o BOARPRARAEAT 7M1, AT 24 Hiy BELIRS A% 4 0L rp A7 £ AR HOR ) 55 AT 8 IR
KIETT 3 B AT ie, B 2 A T B A5 S AL 3R 30 71 A U] BT 78 S A R0k o A L i

2.2 AFEEEEIRENR OB Sk

MG PRCMA B, B S B AEAL SRR T, AR BRI D L AR A B B 4l 5T {5
KA BN AEAT BAL TR A (032 X S A AR A5 SRRSO % BB 1 R AR LA I 45

2) RUBHTIE. LR B R R 4, IS — iR 5 48 4 F. 2016.02.07. http://i.ifeng.com/news/sharenews.f?
aid=106051113.
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Propagator Recipient
(O

1 HFERAE PRCMA ZEHER
Figure 1 Sentiment propaganda model with PRCMA multi-factors

AT 5 M 55 22 i i) @ R 3R R A2 SR ), A A B (5 B AEAL R R T I RO A B i AR,
Hodr ) OO S Pk

PRER 1. BTN SR, AR R RN R S R ) B R IR . 7R AR R R T, R BN
[F) 5 JTEG I J A B (BTG [ AR 5 I 2 A AT AR LE DO AE B A 3R 7 1) L AL
L33 JE S DL S SEBRAL R RO b S B H B S 9 22 S T fe B8 B X A A SR A R I 2 20k AN [ADRLBEE 5%
R IR 28T RUAL R RSOR ) 22 53 LA SR i) SRR AIE, FRIR A FE 5| AR P A% 488 22 S 1 N AE 30 1 2Lk S5 4R
FINLER, AIRERAE B AL RE 5200 77 55 KA B MU I 26 A FI 29 SR L S A 38 5 ROR SCHE, ol B i
— A H BRI,

bk 2. ANTATEAE B AR LA S P 2 RIS L SR B e R AR A% G ) B AR H A v, (5 R
FLSE S e B S A DR B 5 5 I, AR O & A R A 1 B B IR 5,
AP NAVRIUAIE L, 33X 5 T35 5 (1) 9 28 BSR4 SR B e i 3] 1 B 3 IR TR 1 DA B B A%
W& TT M S5 T IEBRA R A AT E (R AR R ot 2 A A0 AL I SR RIS ), SIEA Bl v
SN URIAN R R HUE B N A AT E FE C ROy H AT BRI 23 B 5 TR I AR R ) 5 R T ORI T 4.

bk 3. ESHE BALTEIE) I HUH R L T R 1R S ARBEAR (A1 AE A2 56 P A S5 K R AE
22 Sk 5 P B R 28 SUIE, DRI, 22 08 S M P15 50 T80 B A 1 58 A R 5 4R, AL Ge i
T — IR D B — BRI B A (compartment model) TLIGTEA RCHWAB AL RN B S R (X 25 348 55
B SRR, 80T A5 B T R DL S AR 4 S B RAR R S W 2 T T RS B A%
TR G350 (EREE AN 2 2R 5 18 F IR 1AL R 30 70 WL B L 52 31 1 B
KR 2 Y AL

PR 4. A5 BRUCE A DGER I FIEARAT A0S B RIS IR 5 e F B2 & I . — D7 T, ReE A
PRNHE BN DB U B B 75 BB 32 Bl e KB AT NI R AR, — 7T, BEARAT N
W23 i AR I T7 25 BN A E W, FF i 23 TS BEZ. Ik, KA Sf R AiE 5 3
AT AR SE &, TE UG AL TR AR e 32 R 8 0 B2 B U9 O B e ) 305 B AL B 1) ot B 5 RO

PREk 5. I B (S EARRR IR VPO n) . AR RS B E B R R R T, AU A
FRFEFIN R, I HAX BERFE R R (B WAFAE G A B S2 0 S51EH, o s — a8 AR5
BAERRCR I ZMFN AR R 3300 T B (5 B ALk © 2t LU R T 35 AT =5 22 0 SORI S PRt AL

IS b () AR R AR AT, B — P4 BB S B AR RS LA P 5 A AR 1 AR A AE I OC 2R
PG . L BERAT 5 445 B N B Z IV 2R 38 LR R AN EL AR W, It FUis A 240 T
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FRIBELIG (5 BAR IR B0 ) A AL B8 Fe il ASCI S8 Lk 5 DMEORBRER, 20471 31838 B AT S8 FEOR i
REWT TR,

3 BENEEERIEHE
3.1 ERENNARAERFE

B3R o AR S BT AL R U4, BT 2R A B By B R RV ot 22 7, %o BRI (5 AL R 1)
TE 7 A YO DA S ) S AN R s AR . AR5 AL R A R T LK AR DG 9T
TAERALLE 3 BB

A B, BFTHRACS AL T LU R SR A G AL R A R AT AT, EATTII L <
XF2r {77 ORSEIUE B “H ) AL, BIEAAR 5 5  TR] PR AT % R ) FH P T 2% 6 g SR B —
Fil 2 J2 0 ) R B AR SRR, TR, Lazarsfield REX P i e O “ 407 AR5 B B KL #8 R A
I BT R AE A RERIERE, <R WA R E H DS R ) K/NER a LR R BIAE R
FERREI RO S & (B2 R WA AR B DX RAREF 4 DL R AR (1) i A B 48 I A5 ) it )
bR, Rogers M — AR M T “2 90 ALHEEY, ALK “fL8kim> 0o 1 “E 50 I “S2maim” s
oy, Horh “FEV AERERT LZ — 2, (H2 “Semai” AL RN L6 2502 2 211, AT Rt i 1
I 520 R AR R LA 2 2 I AN s VAN 2 AR PR ARRAE.

BB, WX Web 2.0 583 HIERIACT PAE AL SR A A BT 9 25 -F 6 A R RHE AT
I, IX LR 25 44 52 B 14345 B ilid UGC (user generated content) Fl “ZXf 27 {50 “Xja)” 5L
“Z ) HfRIF BN, R S P PE AL SR, Schifferes (6] 45 H T AL FE B 1048 55 354 R AL 4t
AR 5 T X 2 4SS A e ) 3 B S I BIE ARk BT IR AL SR A LA, B, S KIAE L
FET R WA FEHEME B R 2% b 1 L B AR 1 <R B 1) JEA AN BIHIAM(E B R IANZ
BB, B G2 “F B0 A “sgmiin kA A BE (S B AL 55 07 ) A =

=AW B, BT 2 BEAEAS B - B R L GO S L IR IR SEAN A SR I 2 SRR 5L
FLk, IX L8 S A AR 2 1) P 58 AL 3 S5 A0 BAE FH R 145 B AE B — B v fai AL R S =R B, el
FEEAN RIS AE B2 AE A BAE R, S8 BAS A AR RS . Tk BARFIA 252
AR TN, AR X Em 5 B3 A% FR i 72w B 0T A2 i B OR K 4 2. T 3K 46 9 ot
ZIRHN MR TE BN LR S EE, FFERIAZAT & AEGARFIH PR & 1E . 3
Az HE SR B 6T R b ) R S B 1 A, BT DX R A A S S R A S R SR e A
RIBAT T RN ARIE, 10428 BRI B8 22 AR B T B AR S A2 0 e B DA R =5 W0 S i), T o
NEZ Y NEZ/ S/ - NEZ= X WL i S LBt SN A O CIFe e AR e ey C ot b S € A NS G Bk =P S
(VRSN Rl S R SCTR 2 M, DA AN TRI A B FH P A DX 2% S5 A R AIE AT RS2 T AR AR, SRR NHIE 7 B
1515 BAE A AL R I FE v (A B2 S AL 3% (0 30 1 WL 2 R 17 B s B SRR R ST 55 2 —.

3.2 RN RAI DA

A2 AR P B AR 3T 6 R T AR G S KR IR, AUHA T E R R 2 FER R T,
FERBU TN B R 2 L R 2 FEE DR 2 2R S AL B PR RAAE, AT RAT 1 R 2%
W % e /N B L TO R BE I 2% DA SR IAEBRR P 192100 ply T/ FRI 2% T BT (1 45 B S R AORAR
XIRSE FRIF I BEAR AR RE, AT — L5 Joy s et B2 SR AR 1Y 15 — 28 B TP AR B AR I KBRS A T 2
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[IREALIESE, I AR BRI S BAL R IR, T T e AR R W 2% rh /b B A v BB o 19 i, MU
BT ANMARIAZPRRE ST, RIS Sk 1 05 P28 BRI A — AR RE 0, AR B 1 <R WA )7
OYRFAE. el BA /M SRR AR I 2% 5 BT R B S A KA AR AE R B-A I S5/HILE, 2
BT S0 25 A X G g (U7 S PR AR 3R X 48 AE 45 W AR A R AN ST, B 2 AN F R A K
FEAH TR B 190 2% BRI AL RN T, SRR IR A AR R R 2 A By — e R L B2 S e
SR A PR, ASTAEAR PN T7 D A R AEE AT 0 A

(1) AERE 24T LRI SE R 5 70 ARFAE. ARHTIR S ITORI I 5 S A 2 ] 1) (i, 19X D48 o o
B R RAEHAE 0.60 ~ 1.03 Z 18] R0, 100 19030t U i 2 U6 A2 e A A 1 AR o A (18
Kou 55 M AEW] 71 BBS {180 [0 52 50 22 I i S 1) P I 8 AT /N SRS RR BERFE; L 48 (191 Dl gk
—PIRAIE T BBS FETE AU W WA 1A [l R SRR L B AR AR O 1.395 A1 11177 K
J3A7; Lin 101 45 0 sp A NS B R B 70 A I B R RIS, Weng 55 17 £1X) Twitter
WHFCRBL, 7 RERUNT 105 I, #EAZ 2% T sl i EE A iR AR RO 2.267 BR34BT
ORI T4 R ] ASRAG — AN ik — DR Sea B, Wk ik

BRI 1. AFEAEREEA A TR, o s, 20 BT 230 i RIS = N 3,
B B AEAZ AR A A AR SR I <3 I R S 2%

TN, AR 1 R 4 S5 K 5 o A B R AR R RE 0 IR AR 25 22 5, Bl fE /M5 R 2%
Hh 2 INSE SAT I A% 1, THAE TC AR L R 48 PR35 N AR AR AR 3 A BB s AL 4 I SHE R 2 B % 9
Zhang 5 19 15 1T S 28 S5 AN S 508 BN A FE R A UM, Rl o AR L N 48 i A7 AR A e e
BRI Hub T, X BT TohR B L E5H) N A58 (10 T SR R 2 L/ F R R S5 R, (EAE R R AN
. W 55 0 50 B2 437 1 5% 258 28 HORT A FR) A DX P 245 S Y o F) A R RARR BT 0 R . IRLAT A AR K1 3L
G LR I FE 73 AT AR R UL, I B SRR AR MU0 KT IR, BB 1901 2% P 7 A1 O AR 2 ST
WESRITIG R, DRI, X2 Ak (X 405 W) 1) A7 ARG 5 1 B AR A i it AT IS B k. T R 2 v R AR IX i
BEARIAUAT A% 4R R BB, (ELZ — BRI, DA (R A% e 5 T RO R e NS H 30 2 R B B (21 AL,
AN LSRG TS B BRI 2% G5 A RFAE- 5 0 AR ORI A Hd T 78 i P DL S IR P S5 A 6 50 )
FHURAAAEE B2, A — D .

BRI& 2. ASFEES B B B N 2% S 4k v SR AR 0B e, D W 48 S g ek X AL R A A A
FRHE, RIS SRR b A i P A

BRI ARG A X 2% S R RFAIE K 22 7 S 5 45 A HRRE 70 Z IR I &R, Il 1 el AT g B A 2 M x
EIRARSE AT B U A AT A EE Y ) L

(2) SRS RILE T fUB PERAAE. A% Gt RO SL GRS TR AN 2 1k B (R A T 15 S A FE L 1k 45
BERMIALARILRE, K& R L I ZEMRFAE 5 R R AT IRE /0 BUBE « 5 B N R B 1 AT
BB A5 RS2 A DGR I S5 52 R 3R % B A 2. Yang 45 22 W70 145 S AL R IA0E R Y FEIRIVAR B2 i)
R, B BRSPS s PR 5 R0 SISAE R A IS A B (3 B 90 B AR P T A S R AR
Lagnier 45 231 WZE— Aot (A B EAR A DRUC RUZERl Bt — PRt TR B NA S5 H P ARy
XHE BALTE BRI FE R, JFHE A S S R . P AR 35 S B DA SRS 2 <
JE R H B2 s BE EAE TR R . O T RS B A B AR AT S A O, JE AR
S WORIAERE N 2845 UK B IR AR (WDSER R LT « AT NHRFAE) - A K ST 1 TR AIE LA A5 B R A
PRI 45 TR 3 3515 S A i AR R B e A P, M e 0 e AN T s et 45 S FE X 2% A i A
B SRR, T, X2 B R R L R SRR A S 0 P RIS SR £ A AR R R DU B A5 IS
Pk IR Hh BTN 6 7R 7™ A B B RS MR 1 .
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3.3 BREMRBITIETNESERSE

PSR AERE ARG BN RGN 2 R, B2/ EWES X H—r2fF—%E BAEAR
WA Z B AE XAL R 584G RN 2 E G 1E 34 a5 Wi, A 3 B 505 16 7k
B — 2 S0 Rk, V2 2 M0 K E AT AR, B0 Fang 55 P4 SR BURF IS . 1717 W58
] AL SR DL SN 2841 X 4 RA RS MRAE R BE N 2 Z e — AN S AN (AL R N 2%, alid i a7 4 A
WAL 8 MRFALEFIL 33 NEE U — P54 75 (1) SRS P EE AR, R A 25
FER 1IN TA] R BELAR A B2 7 AR R B2, AH A A RN SR BIME B AEAN [ AR R 1 22 S PR RRAE.
Di 5 25 WA 7 HAER « W EAEF SRR R REORVE B 4 /7 THIGT I 265 BEL 155 A5 (19 52 1 ) L
T LR AT T B B EIRAIE, R T RS P 2k S 28T AT AR B AR e A 5
. Spiro 55 (261 YEWFFT Twitter {5 RAERRIEIR B FH P G RREE . BB FE AN W] BER iR, LA AIH
BNAERBEEFRM URL S RHEAHE B RO IR K 7 A BRI E . Rl 2, Twitter
rh R AT BT IS B AT I AR GURT IR LA A AT I S RN E, BRI 5 ARG ik il & 3
[y — Le i 1) AR5 R 2T

AR K240 Leskovee 55 281 i F AT ELT 9000 2 /5 4185 LUK B i AR 0 3T 18145 S E AT 4290
IR R ZHUE LT, AR B AR ) [ R B AT AL %, AL R B I BN 2908 2.5 /NI, T
HAYE 3.5% M2 s m R EEARL &R, 748, Heimbach 25 290 78— AN S8 [E] 9 sty w4 Y
) 4278 F Hr I FEACSRIGAE 7B 5 Twitter, Facebook Fl1 Google+ 254N [AITE 28 4+ 38 AR 2 [a]d ik P 25
I3 5 T R PR S5 B AR R A 22 S 1) 8, HLvh e AR Y SIS IR PR LR WA TR
F LRI (8] 73 A SRR S8 A, RN R AIE S AR AE A SR 2L B A DG, I BLAS[E] ) N AR E 22
BRI MG B AN ) ER 3 MASE I HE A A 2 18] > = SRR RE I S RCR. H4h, R E 3k
I DA S A 25 AT i ZUAE JROREAE, R A R e RO N AR R A ) SO R AR AR X 3 AL
PR RS ) T OGBS B 7 R R0 80 ) 56 5 T-7E Twitter A1 Google+ HA&HE, M HA IE
Re B S B A% 5 T Facebook HEHE, (H/2 A v FVE S I SCE AR MEAE Facebook HHAEHE; Fi4h,
Twitter F1 Google-+ IR 7 B ia T EUA . Bk HARSEZE BTN E, Google+ fIH /- RIH M)
TAEREAE 7 G BV AR AR OC I RS 3, (HRX 3 AN FE A8 AR AT A ) TR FH FA A% 36 i 61 1 9 25,
3T AL PR AR 1) SC B AR D 22 SR AL 3. A 98 45 2R S i A5 BAL 4 515 B N B RHIE LR
BRI I A AE 2 (A AR BB R e R LR TAE B IRE I AR/ B B R L
PRI E R DL RS P 85 O e (10 22 S S R B S0 1 AL R 0 10 22 e, X ONIE T A T R 45 R
A X AL 5 A0 HAEF A S AL 330 712 WAEHLHI B T 5.

gi b, B I B {5 B A ALk 5 AH LA P 8 DR T AL SR B 6 A N B BB T Al AL 4
AL, JEE S AL 1% 5 2 A 2 1) D) LR S 5340, BT AN RIS R 22 e 1, %)
TS W28 IREE T AN [F] FH P B 185247 N I s W I AF AR 5 B Wl 22 )l — SR B/ 115 AL, 2
FEAER P T 54 FAT I 3ER BO, HEZhELE IR T EISTEA N R N BRI S A, T
BN T H BT SR s (81320,

4 FERARFENRBHR N

Bt 7 BIE AN Web 2.0 BRI RS, 762 32 800 5 B ARIE SR 5 L= R, A4
AMLERZ M52 BILE W26 AL RR I AR L R 5, ARUESCBUR A, FE 2 2 i A5 B ™ 2 i B T 52
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Wi, [R)ISS JR IIAR ) HH S PT A R P 2505 S5 T 7R B (R BOR 52 2% S ok . Howell B3] Kt & 4210 1)
RER N AT BN T 52 IACH: 22 & i) B R B 2 —, AN e R B R 1y SRR 515 B T P LT
G BTy HLAE L 17 b 5 VF 2 I I R R AR N 2, S AR AT I A bt 7 R KB AN ]
FE HLBE PAESL 05T ], X B R T R B Gupta 55 BO B A5 R IR 7E Twitter P A
W 52% BN RS E TSI (definitely credible)s 35% A 22 KBTS (seems credible) 13%
N e E A TTE K (definitely incredible). i Zhou &5 W 78X AL 7% fe S0 70 A R B, S 2
AR B IE TV B R B W SIER T, JF R EaRAERREE 1. 80 RS BB 1% 5 A A IS
HiIE L Y 28 41 5T G AT PROEAL SR R R T, RO HTE B TR AT T AL 2 1 4, HEEIE T AR
Xt 2 SBUF I AME 77, LR ERANE A K2k, SEE VL% ACM Transactions on Information
Systems Journal £ 2015 4F 5 H A 2016 4F 8 HIE Xt A2 k5 BRI ESL S nEHE R T — 0%
T (Special Issue on Trust and Veracity of Information in Social Media), TM{E SemEval-2017 K43 théf
XV S IR IIAT 55 A T A AT 55 R, (R, 7R BB AL R I AR vp, S BT s ik et 5

T AN T A5 2 AR R 2 IS r A% SRR LU AR 5 1 1) 55 ok Ut R dEAT A 4738

4.1 AAEERH2LSHER

TR SCHR [38~42), A SCKG M ZEAL R B AN ATEE BB ETF 0 MRS L BIRE B =k
FRE BERE SR REE S 5 R B priEwE E, AR AL T IR RS T T ATFIESE,
B D s 7 e IS . SR RA -, B S SR Rk A7 7 i 722 5 A S B — R
R, AR F EE B AR — R A28 LUE B)RrE 1 H K. Mk 5 BoEw e 7 cHHES
15 B LB 0 a5 B AR, RARME B T A N RIS EURAT S BAREA R B m 22, — b,
RARAE B ARG B — PR PR RS B2 7 S A N S it i Rt b, 3 e 1 o 2 5 i e 29 25 W
FSL, AR A B2 AE LG A TG B AR AN o B T O A S AR A S A TR B st 2
ARG I —Fh AR, 8 5 KRS B W e DO s w458 5 A — e AR B sm 1A
RN A 2 BELAE AT JEL B S I A 1

MR kR 8 A AN R SR AME SRR 20, aofar s o =5 ksn ] o A9 35 R ikt DL R s St
N5 PN SRR AE SRS U AN S S P (28 Y. b X% 3 (140501, Takahashi 55 431 Gl & 2 A
EREAT A4 SR B, TR 39 . AP FIZE S0 S5 SEAARRAE, AT TR BSOS A2 1 40 0
SEH T ORI e EAFE ) B S ARSI, 10 Hamidian B9 FIF T BFA] . #R%5. URL. # K55 Twitter
R E L8 REAE, DA SN — 01 o R BRI R B, P UCKH T 100 4k Twitter 5 7E A &
(TLV) i SCRAE AT 8 S A, S0 bR A5 SR, Wang B4 I 7 3T FH P oa 22 A0 5GVE 1A 1) 1]
FHIELA N Twitter {5 B NAEAR G FHIE (W: HE Tweets P85 @ KA. URL BRI 8ISE) 217
A, IFSZEL T Twitter 15 BN AN, M Ratkiewicz 40 £F Twitter ¥4 -, FIFHBNIR(E
BNEFH Meme KA. AT R L5 18 FHRFIE(S B X B3R5 BT 74025, e xRk
5 2B, Qazvinian & B T 2T Y B AURFE . 26T W L8 RFAERT Twitter F55E ) Meme ¥
MEARSE &, IFSL T A5 B AR, Kumar &5 U1 SR I 2% 44 [X i BRER T R B FAT 3 5] 0% R i 1
N, A1 DX A R RS 3 B AR ) 1 A SR B VR Bl BE AT UL AR, X 22 SEORRAS BAE M 2% EARK RISt 18] Y
ATy R, S 80T AR R FORAT B RS R AL BUE PR A 3R S

3) SemEval-2017. http://alt.qcri.org/semeval2017/.
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W 9T Tk G B ) P AR AE AR S ) b AR R 2E, Karlova 55 461 SR T A it 75 20R H 9 2%
TR AR BOR SLBLRIRAE BRI S 8. 554k, 4hx & SRS B AR, Karlova F Lee 421 K
SEVE HERATE . SEBEME L I RCHEATIR B 1 5 AR BRI DX iR g5 2 RS BABUA HAL 15 2,
Horp, BRI NE S YR T RERE L.

4.2 FERUEEEXSHIH

T X245 SRR A AN E T, )2 — S B NN RAE R IO . R S, HERES K
PR 2 B 2 1745 B 32 A0 i mH ] SR 2 P2 5L 1), I 25038 1 B AR 4 1) T 1) R
R BT8O T A RO X BB I A AR R, ATE TR BB BRI R AR, AR AR AT AT
HR, ASCRAZ B A TS BB NI Ss: — M5 B A B 0 & R R A D (5 BT (S ) o
BTN G T 57— RN HE— D ARG E SRS IR R, R T NE, (H &3I4
[ N 573 s 2 R B 353 e [ 14 S

EEXTES 1 KRB ETE, TR T B SR 1P 5 B RS EE 04T, Abdulla 55 491 7£
XS T PR A T AF B2 A B it L, MRS RT SRS L LA REATE ) JEE 3 /248 J88 SRS 45 248 o] P 2 F) T A5 88
BEATVRAL. BEAG A A BEARAE BEARAS A% o A5 v ) B B R 1y, A ) A A A v BT B AT A S
AL R E . WS P RFIEAE BAZ G — SRR, 0HE B A A LS B E TR T A
TR, Li A5 PO B A W0 2% R AR DCRFAIE, i H A58 I 2% 1 45 4 LA R AT AT e e i 45 S AL 3k i
RSP AR KA E 1, T BAR R P9 & BT {5 2 5 M B MR AL  MAAT 9 AIE EALFE RO RI46
KB ZHFEEHEYIM LR, BIn: Schwarz 55 B S H T FELR SO 1A RS I E AR T A5 BE )
WibritE; Odonovan 45 P2 BEX} Twitter A IS BEFE H T . URL. # R BN AKX 4 4
RAERI PP FERR; Schwarz 45 PU Fl Metzger 45 531 A J: 45 B AT AAL B L AT B A 2 DA R R X
AAE BEVEAR B 45 B SR T Gill 45 P4 FER AN B AERS, S 5. s B DL H VAR 97>
P oCse, R B ST K TweetLevel T HXF Twitter IS AEAE BT T EE &, 45 KR M 2%
RN B B R AR AT RSN B S SR R B P T AR Y, IF B — @ e R85 5 BB BN .
Xu &5 B2 TEEXT Web 15 S0 {5 B2 24t BUBE . 52 7R SGTEBE 4 ANFRIEEAT30E, JF5EH T
—NZUEEEINBLR ATE BT T, Gupta 55 B6) 245 T VEAl Twitter AR AIE RN 10 S 2KF
fiE, Bl: HESC (tweet) THELE HOBERS . FRAEHCH . MURFHIRAER . 780 P A TP RIEE R . Bk
B, A PR 25 R SR 2 B0 E R (statuses/follower) F P I A S5 H 24 50 LUAE (ratio
of friends/follower) LA KT & # URL %5, Hardalov %5 3% H32H T —ANEFIEF %, WEHE (KNS,

CH S BPE 51 PLAE X (embedding and DBPedia data) —# @& & RHESRAE T, Bafbryd
SAE RGBT ik, SEI0 25 BRI RE AR T, WA WG FERGR A JE AR IL 2] 1 99.36%.

EEXTER 2 RPERJTVE, Fang 45 DS EERT 28 5 B AR 225 H 7 — 5T ICCON [HifzEil 5
PEOHLE], JERE B A B IRB . N SR A BAT AN LRI 91 B AR 2 a2 il R RIHESE, 58
K A5 N B HORFAE R 0 5 S A I N 38 22 4245 B 3R 54 Hd FE 2 . Castillo 45 BT RHE B
Ja B A5 BARRRRFL 5 AF 3 A B MG A XS R IEAR S &, JF Bl AR S Twitter 5 IS
EAIE BE ARG, Zubiaga 55 08590 Y\ E AL AT A o 755 8 (0 P AR SR I A AR A B S
AEEE, [EINE, AP B S EER R, A1 A AR K TR R A EERRIA P Z
) FT B BOARABARE , 3% e it NATTHE 35 3245 S LA o BRABT ). 258 B P id, A SORHE B N B W {5 L
FHIRARAR I RN BRI (EE AR R A8 DURARIRIRAL 5 M BEREAT B 45 3R 1 P,
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Table 1 The evolution clue and index for content reliability in social media network

Class Index and clue
Information Basic features: visit num/prize num/rank/official ownership/domain types/topic/is ICP /is well-known/
source is authenticity.

Structure features: simpility navigation/website structure/editable reply advise/readable strength/is
public aesthetic/source advertisement num/advertisement quantity/credibility other data credibility in

website.

Interactive ability: user search/information validation/timeliness of user response.

Information Basic features: the length of content/is spelling error/is syntax error/the reference of content and

content data/contain URLs/contain label/timeless of content.
Participant degree: focus num/resport num/popularity.
Syntax features: is true/text case/punctuation/personal pronoun/the length of content/URLs num.

Semantic features: the professional of content/understandability/rationality/valuability /usefulness/

reliability /orientation.

Topic The content of topic features: topic tags/topic content segmentation extraction/topic semantic fea-
tures/positive scoring/negative scoring/topic sentiments.
Topic total features: content num in topic/the average length of content/the field of topic/expression
num in content in topic.
Topic user features: average age of user/user num/validation user num/the nun of topic is referred by

users/the sex of users in topic.

Information Basic attribute features: sex/location/liveness/social platform/portrait/identity validation/level/types

disseminator  of user/frequenty of post/focus num/follow num/browser num of user home page.
Preference features: the motivation writing and spreads/reputation/similarity degree.

User behaviour features: report comment symtax/semantic/comment sentiment/supported.

Propaganda Propaganda quantity features: propaganda degree num/max num/audience num.

The network of content propagation: propagation subtree structure/average depth of propagation/max
depth/propagation path/content dispersed structure/content delivery structure/strongly connected
component/network dentisity/average clustering sparse/average path length/the distribution of de-
gree/power law distribution/match pattern.

A single user attribute in a network of content propagation: content dissemination form a network
penetration/degree/clustering coefficient /betweenness/closeness/interest rate/the degree and the degree

of correlation/weak star nodes and star effect/homogeneity.

4.3 {(EBIEE AR SR

BT W2 AR 3R (1 N 2805 BB A PTG HR I . BBCR BN PE L BF AP R R PR SR A, R T 5
B LR R W S R B AA D) R, B T DEFFUANT #1 SZNAJD 540 (il oh LT
Markov #£) D-K #88, #)EAHS IR Potts HAL . oM H NI B DL K HE T 5 2 W24 264 1) i
FAREE R N T AT 05 S I AR A O, Bl 515 5 PN 25 R RIS DA R Ak L ST o4 (1 2 SR R 7
X A ATE PRV vk ST R R AR T B s iR, 7R IR SHREAE A b, AR
FINLAS 22 ) B A A A3 T AL 5 T BAk, Bl Ratkiewicz 25 1600 S5 i A5 AL L FE A A
WA RGN IR T —A Truthy T B R SEIL N A P PEAL; Castillo 45 (611 TSR FH o SRR S22 5%
P2 TG BE AT VSRR Xia &5 1620 D) 28 1 I BF 2 21 1) Bayes WIZSHET T HIL I EGHE; Zhao

1631



GRTCAE: PSS B W 2% AT A5 B AR SRR 7T 5t

A6 163) U T — MR BB SR HE 5 B I B S M R R YR i o, E R 8 A T X S 2
0 Ab B T R (1 ST T . 8 ) S VPR B HERA VTG Rt — PR . Gupta 5 BS) TERZE Twitter N2
A G BERFIE 2L ) R SVM-Rank Hi5FF K T —4> TweetCred I H RS Tweet N2 AI{5 R
(RS PEAY, AR ZE DI ZRAN I e B T A ER S 8] 40 510 9 ~ 10 BBAN 1 #B N, T IH— 1k RARIRAR
PTH1ME (normalized discounted cumulative gain, NDCG) =ik E] 17 0.7219, H HAE 6 FP IR [ P X%
540 JiH tweet PN 80% HARIEAT 715 VP THE 5 45 R R R. B2 DG & H AN W3l 25 19 0 i) %k
PR, B 7 ARSI B i B U DL S R A4, anAmT &6 6 B8 AT R0 R B4 b 22 T Bk B B
iR 13 ) R R E RIS T T 2% 2 — 164,

5 fRBEDINSEWOFHEXNEEERNFN

TERS A 5 A AL AR L AR PTTE BRI W 28 SR AN G R o AR R BN 1 3 B 2% Th i) HUB 75
w R ARG SN Z MR BAE S GEm T, 5 Bt A T “fUseiEs MR,
RMEERe ) 5105 BAR IR ml (RSB HRIEAY) i B EVEAIREm ) /N BA S OIS, ey R T
SE M T I JT ORI B NS BAS AL FR IR R T, A4k i B EVERE S . R0 7 RFAIE LA
L BAETRRESIRIRE AR L, MR JE T R A AR T, BRI A5 S AR FR T R o Ao A ok 1) B 22 )
22— 1031 T AR B B LA KSR R X S A R i 5 R £ R AT 70 A

5.1 fRBEEHIE AR

RS R AMEAE 52 B FRAT M BIHLEL S A 348 2 R ZE 3K B AN, Granovetter (66)
HRAE NATZ 18] ) AR S 8 SRR UL K A AE ) 4 D EFOREE N R A
ML PR RERE J1, 45 A TR AT HRAE /1 SO BRI 28 e RS HEAT S AR FR I — A SR
IR, B = S AR HE B H R 7 A IR S5 (5 2 B Bessi 48 1B #E4F X Facebook FIHT
FOR ML) 7R LREE A, B P G £ 58 K miAR 4R 15 2 IR (I Rh 2R B 5 2%) AEEA S B 2l
SRR A H A K. Zhou 55 1 LK RO E 12— ANRlE 1AL AZ BT AT R RT3 1 5% 22 10 2%,
— AT RURE S TR RRHE MDY I AFAE, I HLI 2% B A B AL R B2 5 I 28711 i 2 TR 45
FEVARALLIEE LA 4T R FH P X S8 A 2 ) % B S AT 9 AR OGN, (RIS, P Ml 4 AE — E 261 Tt
G BARSR B ILANAT . A 1 B — BB - DA I S A R S HLIOC R, Qian 671 &%)
| P REAEL ot oA DX e 45 SRR AR S R T B T AR A 3 KSR 13 U IESI LA R
Hor, ARSI RG> IR SETHEM A7 BBl H Bl AN WAt S ARSI D i
RO OB RN FRAMEARE,; SRS S B SO O AT S 1 B)
PLAE. IXEEAHLIRI 70 J9 AT NATTRT BAAE X P D% i df i AR K Atk D B P A 3845 2 B SR
BRI SL T € BRI OC 2, ITTORE— 2B IR AW T BE5E 1 kAt

5.2 RBEEZWAONTNEEERE

FEAR RALTEI LS | ALAR S I 7 AT DO 2 145 50 B B OB VERF AL AN 2% 4 $h 46
P RFAERBEAT RE R, [RIIN ] UM T4 i 5 i 2 T8 RO A EL B R R ok kb b IR BB TR AN &2, FF RN
HETR R ZR T R imex 3 L ERin i prar & B & 07 2Ok AT 4.
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(1) 2T S B @ PR AE B2 ) B 5 v, %077 SR BER F 4% Hh 4 8 B ) BEARHAE J8 1
VBN FE BT SRS R /N EO AR Bt A% S [ AR R AT B A ALY H RS L ARAS I 2% Ty
Ry 2K IR AR R SR N S R B [ml S, DR P B B R A B e
5 5 IX B EESE . FEIR SRR, TN AL A P 2% B R R IR R 22880 + WedR Bl + e R
Bz + BIRE + R + WP R SFSAEERITE R, IATEE X BBS 41X L& fi5 00
JIRIWEFERE AR, R A 00 e . P B SCE G T8 AV B IR S OB 22 80X 4 AN FEARKY
fIE{E sigmoid BREL N BEAT A AL 2R S I 7 500 ) ) B (98], X e 2SR AIE BAR BRI AE — e AR
b g A A AE N 2 o B L S R ), ABAEAE I BB AN — R VAT R A X B 3 A
FEAE ST AAT 9 AR DX I 28 A5 00 1 hd B B () ;. — R AR K B AR AE B b, (615 A R AE 1)
MEER R LT HEESERE. RIE Yahoo HRIE 199 2 Twitter HIEAE I #A B REEN
REABCKY 22 ] e, Bt B Sy a2 ep (R R AR P 8L B T 42%, TIEEIR - 35 SRR 22 RE AT 7 4
JEIREIE 50%, XL R AR G BB B P RIS S AMEAHERE o A R HERA T, R
WAk T S BAEB S LR ZS 8], Shen B4 HE— PR H: Twitter & 62% B P B TR
W% 5k 22 2035 /T 10 BB P, R H 57% B 8 T ATEERE @ P, N TIX
KEERRRA T, MR 73T WS TRAE + FPRHIE + BEARHIE S-SRI IRV, IR |
TAEAEE RER R 22 7 | A1 A T B Al AR AE 1) 70 A v Ok 26 1 2 PR L sie 1, R,
VLTV AR A P T Ak B

(2) T ISR AL B SR ) B BT 2T S B T AL W28 3 A i o VEFR AR (centrality)
SRS BT RLE I 28 AR FH L AU AR A Ol S, DT S5 B 1277 £ ) 2 v ) B B R R AN 2 0 .
— i, AP EAEE TR O PR A R O P E S, R R O I S B T R AN S A
M AEAE I BRI R, WIRIKRE 2, WS RO T W2 iy O Az, JRRA BRI 7. X
77 57 Y ERRAE b R L2 B BT RARAE — SE AR, Dy T kB ek, WIS N B—T7 THAM
LR AERI AN E A BESR T A E B O BE R T, Wi TR (closeness centrality) &G
(betweenness centrality) FIF/E [A] & H 0 (eigenvector centrality) &5; 53— J7 AT~ HCo P fE & 7 7%
HBEAT T 0. B, Chen 55 170 B T3 fUZ (B B4R PG 2R, J8 I HEUAH ST A0 A 4T & 19 Rl DA R
AR JE T R FRY R T — AN 2 RALE O AR (multi-level local centrality). Centola [t % HH
T RS BAL R T B BB 5201 R AR R 2 R SRR A 5%, JF BLAE m SRAR N 45 Hh 115 RAL R AL
K E. Ugander 25 72 W50 K I: Facebook H AR A RGN, Al JE T A 406k $5 B AN 2 M5 &
VR JUE TR R, e VR AR AR JE T s IR T B H . Kitsak 55 (731 T 7E %58 7 &1
Hhh BT —ANRET KON %0 (coreness) MES, HIT %3855 BE 27 &R B4R E 1
REMRERFM KN, Wk, BB SO (K-core) M1 MR M 4% At B A B s R 7).
[T, eI AR AT 220G RN ES . AR IR 28« s N 42 it 9 6% O IR IR 65 SR 3R B, 78 B3 JE SRR 1 IR 28 5%
£, HUB 7 st 8l AT iy A 250rbo0 B2 0719 A — 8 a2 A e 1S i, T K- A% 70 i E 1)
07T A BAT B R 7 ABAE 245 BORIER 4 F, B & E 0 HUB 9 mANEE K-4%15 R
BAHE S HMERERER. Zeng & T —0HER] K- H SRR REBBRNEECON K - 1 EAT 8
XK RN R EAER], SR TR R RS KRN B BEHEAT IR PR AL TR A R
% (MDD).

T2 oy mHCo M D S Bt 4 AEORT D 28 T i ] £1F) R 0 AR B2, " M4 SR I 5% (1) 1 RE SR J AR T IR 2%
HH S R R S R /N 0L BT SR 22 MR RFAE ) B L B L YT BRI T (accessibility) $RFR
PR R B R P A A SR I g R Lo PR R AR A (701, — skl 2z D) DA TR 4 0 BB R 70 1D 8 B SR 4 B 1 A5 11
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SN g, BIVEA B SR X 2871 s — E MR 2% A B, UK 2 0] o0 245 P P L B T, HLT
(10 TR e vy, U DX 26 POl R P bR (771 g, i 55 1780 7R B 44T a0 () I B AR AR 2
HE e I X 2 R — AN S, D286 o BT T B FR AN T30 4 T ) i A B A R (B B AN S 1 3
SRIEEIE 3R/ T Yu 55 790 DI P RS B i P X 2% LA 5 ) 6% T2 1 B8 A8 A PR P88 K /IN SRV A
MRS BRI, AL, Huang 55 B9 £43F 32 [H 1996 ~ 2006 4 7] 2 7] 2 2 JL 0 I 2% 485 K40 1) SR ATF 9
RIN, o m) FEF IR g BT A BE 8 SR 48 2 w45 2B K/ DA 5 At B 3 22 T) i Jo PO K AR %
1, BRIV 265 rH A S5 PR RO B OIS L ) 28 40 35 A 50 R PR 5 ) g ok i A 22 0% P B

(3) H&T IR B 1719 s O g FE R 510, 12051008 — M T AL AE 7T s B O, A
i b SR T R TRV R OC AR, e B LI A M SRR A B R AT T AR EE A, AT K
W 1% s R ok, SO TR R A PageRank HE MRS B S H S ERE S
e 8 759 R M K/ G, 2 R0 T RN TR, 2 RO R AT REE B, AT
SEHL O R B SR TR S PR, D8 T AR IRALSE PageRank BIE AR 1AL . S
FH P 4 B A ) X 56 B R, F 7 N D3 T K IR A B 81881 FE IR SR | Weng 45 171 2%
ﬁ%iﬂﬁﬁﬁiﬁ%ﬁEELZQ%§%§25$@¢§6E,%%tﬂff Twitter #5200 71 KIS FE A T\VﬂmefRank,gzgﬁ%%aﬁﬁﬁ
FORY 2 1) 5 B 5 P 2 R AT P I TwiitterRank B /N ARG Lk 186:87) 25 fE 31 24 4%
FIRFIE Al 2 BRI 2] PageRank SRR HEERE “BREMEZ", [FIIN Dy 1 ORIE R 2% (&8 1, it
WI—/™ “Ground Node” 7 SRS 5 pr A 15 2 18] HIEsE, Lkt B3 H T LeaderRank = A7
T I AR A SR B8 DX 26 3 DL AR PRI S2 0 K/, Xu 55 (881 3E— 30 2 JE B ) P 22 (A AE IR R 22
S ARG R M P R RS, X LeaderRank SHyAHHAT 7 Gt -8 & 7 SA O HER M E S BTk
RE/J; Guo 55 B9 FEXS T4 ¥ UserRank 7Y HEAT LA LA _E, K 92 B 7 RS20 g 434 L FH 31—
MNEAFE R G, SEIL T T P R ) RN BN NBS AL ECE R R A S

IR 3 BTV A AR T r R S L X P AN R It DL B IR E R 3 AN [FREAE (10 A EE R A%
FE B 50 R 45 1 B VR S RS AT 1 U, R BRI ST TAEANOCR A TR R
HIARSCHRAE, [N AR5 BB BRFAE . F 5 I S AT DU RRAE DA S AN TR A 1 AT A5 B2 AL N 21 5
e S SE b, o 1 H BT R B S ) Al S BT ).

5.3 TIREMANEEERITIZNTI

AT AR S P AT AR 5 R 9 E AR R SR B80T R A B 019 A R S (5 B AR R AR AE
SR PERE, BIRZE o, 302319 il 2 (B AEAE [0 9 2R B U B0 59 s B BAT B2 g x5 2 BB 48 7 42
ERZASNAVE . Huang 55 000 Kond (5 B #8742 ELHAE T 5T RN B9 M E K e B — A R 2%
SONE SR, FFTOUL AN UL P 2 TR E 19 s BRS04 4R B FH DA S B0 7B SR IR S P A
B, ROURA G TR AL A R 8 h 0 s S 80T 5 BRI R h A — e R R aa ik, HLHAR %
RCERAR TR A R 48 5 (R T,

H 3 JR 8 a1 A I R I A S I 2% r I T LA, O T D R R R L A 14 5 i
TS AR AR L RE IR, Wang 55 U SR T ha A 1A BRAA T 2 AL Gl I 2% vh A FR i A, IR
LR O A AN LT T SRS BT R, AN TR T IR AR R 0 s R 0 S AR B DL R R
IS [ A FE AR AT T RE R, BRI AU B R ) 0 S AR BRI R R 7 45 SN T (K
LR AR BRI R Aoy 22 (O30 L JE 5K, (B, {5 B3R 07 5 R LA ) 2 5 JOR A7 A2 4R 55 A0
K. MAESEPRIEBL T, FH P 5200 75 3 B iy Az LK R AT B A A o v E AT R, T P 12 A8 A R T
JIRBUB LBy« A 5 S PR AR A B . AR S S I R, i BB I I A
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WA BU 8. tAh, X RMES I —A P A 2 2 B 2 AME EoRIE S, Bakshy 55 92
FHAE Twitter W28 HE S AEFR IS FE 2 Z [R5 )50 A B desein /) (first-influence) #5210
71 (last-influence) F13¥4 435400 /) (split-influence) 3 FHRAL, BATT /3 IERAR: (EFTA MISCIRIE S, i
(B fE) RATLAAT BT SO F = AR B2 ) Bk, B3 2 BT A se i oA S ise i /g, 3¢ Bl
PAVH— AP FT A B2 77, ARAEIX 3 Fhsze 7745 28 50 v] LU AN [F] 145 B A% R AR A,

BEAR, BT ST i 3R 25 (A1 9 s m J1 7= AR B Ab, Goyal 2581 BL Jaccard ZEUF1 Bernoulli
I3 R FER, A B IR SR IS [B] 15 10 3P 6% mP 1 TR B ) /N BE IS TRD T 32 3. IR A 7T
TARESREH, 15 AR )2 — B A BRI TR bR, BB X2 2 [ 454 o B[] LR I 2645 J2 P 25 R
BB & A B AR, BIFEBN A RN AL R b, F P s )k i 5 32 S 2k DL
IS TR] P A2 AT 52 50 R AN R B R /NFIVE . BRI, 4 RO g 05 JE A% 6 It 5 ) 52 i AN 75 255 S 3 I
265 B S O B ERASRHE, [Nt 75 228 R 2B M N 2 8 F AT AL DL X 288 4 (4] 5 A
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6 EZERIFSEMMEANEREBNET
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] — 8, JRER TR R G — 1k U TR, 7SS BRI 2 o R b, TR A (5 R
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6.1 EZEHEMANBIRFIESERBIFNT
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FIRES R, BT ZIREE IR PRoEAL R, TR 15 B AL Rl F v i sh v 5 RO
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REARAT Ut TR B Gk 2 M SRR 2 A 2 1, FFRBUSEEAAT A RIIR L
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Figure 2 The analysis and evaluation framework for network group behavior
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Information propaganda model evaluation index in social network

Table 2

HEMEE SRR A iEtR

Criterion

Related definitions

The distribution
characteristics of

media

Information media

The

propaganda nodes

community of

Authority

Network propagation
speed and delay
Ability to interact on-

line and offline

Communication node node interaction is strong, the power index will be
higher, the node of heavy tailed phenomenon is more significant, which rely
on information in interactive media communication is more strong in the

“opinion leaders” is more significant.

The higher the clustering coefficient, the more obvious the characteristics of
the network structure community, namely, the lower the speed of information
transmission on the medium, but the higher the credibility of the information
dissemination.

The weaker interaction between media nodes, the more stringent information
dissemination channels, the higher the authority, such as: government media
The speed and influence of information in different media: the propagation
delay of information in the media network.

The degree of network user participation and the influence of network on

offline activities.

Information con-

tent perspective

Accuracy

Authority
Goal

Real-time

Coverage

Information provides a true description; information provides a true result of
subsequent events; information can accurately describe reality.

Information source authority; information based on scientific discovery.

The presentation of information presents a description of real goals; informa-
tion provides an inseparable and unbiased description of reality.

The information is timely; the information provides multiple sides of the real-
time state; the information remains sufficiently fresh.

Information covers a set of facts and perspectives; information can meet the
needs of individuals or groups; information is beneficial to individuals or

groups.

The spread of
motivation and
influence

Preference character-

istics

Emotional character-

istics

Reciprocal exchange

capability

Influence characteris-

tics

Communicators (forwarding comments and browsing frequency); forwarding
(comments and browsing) topic types; spread interest tags; user type propa-
gation researchers and fans of user types.

Positive features: share happiness, enhance influence, reward motivation, help
companies and help others motivation.

Negative characteristics: negative emotional venting, psychological comfort,
warning others, seeking compensation and revenge.

Neutral characteristics: participation, interaction, support, community devel-
opment, habitual motivation, etc.

The purpose of sharing and disseminating information is to better access to
equal information resources, to reflect the influence and value of communica-
tors, and to value the equivalence of the content of communication.

The physical attributes of network nodes, network topology attributes and

network link characteristics.

Receiver prefer-

ence

User perception fea-
ture
Characteristics of in-

terest preferences
Comment/Forwarding

features

Semantic content category and emotional tag of information content.

Receiver forwarding (comments and browsing), topic classification and inter-
est tags; receiver focuses on user type and fan user type.
Forwarding (comments) content syntax and semantic features; comments and

content information and negative comparison; whether or not the comment

supports content.
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A survey of information propaganda mechanism under the
cross-medium

Yuan RAO", Lianwei WU & Junyi ZHANG
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Abstract With the development of mobile networking, cloud computing, and big data technology, propaganda
through public opinion and sentiment on the Internet has shown some new features, such as cross-medium, cross-
media, and cross-language characteristics, which indicates exciting challenges for next-generation research and
application of public opinion analysis. In this paper, the information propaganda mechanism of public sentiment
under social networking is explored under a cross-medium environment, which means that the information can be
spread across different web sites and social networks. A multi-element information propaganda model, called the
PRCMA model, is then proposed, which includes five critical elements during the entire process of information
propaganda, such as the information publisher (P), information receiver (R), content (C), medium (M), and
result assessment (A). Furthermore, the critical challenges and vital research problems are illustrated, and some
up-to-date research results are analyzed and reviewed based on each dimension of the PRCMA model, particularly
on how to identify and measure the influence of nodes, identify fake information in real time, measure the personal
preference and group behaviors, and measure the results of propaganda in the process of information spread under
a cross-medium environment. Finally, some new technologies, theoretical methods, applications, and future trends
are discussed, which provide new clues and research fields for further research on public opinion and sentiment
on the Internet under a cross-medium environment.

Keywords cross-media, sentiment network, information propaganda, big data, assessment mechanism
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