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Abstract The Internet is gradually evolved into a ubiquitous computing platform and information dissemination plat-
form. Emergence and rapid development of online social networking sites, micro blogging, blogs,forums, wikis and social
networking applications, make the form for the human to use the Internet to produce profound changes from simple in-
formation search and Web browser to construction and maintenance of online socialration information creation, exchange
and sharing based on social relations. Of interaction between individuals in the social network influence, the influence of
the social network is mainly dependent on the strength of the relationship between the individual, the network distance
between individuals, the timing factor,as well as network characteristics and individual characteristics. Influential analy-

sis technology related research includes individual impact strength measurement technology,individual influence and the
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diffusion mechanisms of influence.

Keywords Social networks,Data mining, Influence, Opinion leaders

1 3]

ETHIRM MG IEFE A NI i 2 X R 4
R AE B AR EE BRI, X B R E Mt kR
ST : (DF S M I 5 S S R ALK
%% AR RGEH” , ALHE LA A 2 5K 2R SR AT AR A
X (DOBETHEZMK N X REW T, KEMEMARSE
FAFEATR G FEH R AEF OB TR A LR
FTARFAER “ PR . (3) 25 T HE 38 W 4% B9 5K 3 454 AR
RBEIAD R LAE B1F LUR B R AR I AL 9% 5 BOE it
AL, I R BRI B S AL 2, TR A AR 3 M 4% S5 B4t &
E1FE B B, X BUSE 577 A

22 0 4% 1) T L AT A FE AL DXL RS AR L R A A%

il

W REEE R, SRS POEY B RS, M4 R
TN E B R B HE S WU I8 b HhE Ok B 2 )
. HARRE I XTI AR T, SRR R [E
TR B, FOUL R AR R W ARy 22 IR E 1) , #1345 v
BAH P ERBER AT B OB AT, TR M REA el id 4t
ZRETE R L . PR, FE“HT 8 R R X 2
“RBTREFEMD, BREMER TEENS SME|RE
A WAESRAE « 7 S ROEF R A S b, B £ 30
PR R AR RS R IR T B

0 2010 45 9 AYLFGSLMIRAE B 2, CRUEE T DL
F R LA 32 P25 SROE AR R 5 R KB 22 I R TEA
Bk MR EE R A 2011 45 3 A, HAR MR
G R IR ST » B AR G iR WAL 2L T B AR ST

FH H#1:2013-05-01 3RIEHH1:2013-06-10 AXZEFK HABEZS T H (60933005,91124002) s MR “NAZ"HB AR R L RITRI S
1 H (2010AA012505,2011AA010702,2012AA01A401,2012AA01A402) , E ZERH S #3HR1 2470 H (2012BAH38B04, 2012BAH38B06) , [E 5

242 {5 B &I RIE LT H (2011A010) %),

TR=E1982—), 5, WL, YHIW , FERFFT7 6 A BRI HE 7 B %42, Email: zyding@nudt. edu. cn,

.48.



RS B T WG 3R 5545 18, 4L 2 M 45 vh — L H A 210 Tk 4

IREZN SARK ERASHMMEY”, XX EEHK
PHGLE 18703 W, X HEER BEA AL S 1 4k I8 B (194 5 2011
FE. 23 FEBREEMH D, FERATHMBRHS 5K, &
BOZME BIOEE &K 37907 4 TR IA 13101 4.

BRI 4k 3 o 445 3 L AT R K LS, HE DB B 1) T AR
AN, AT 0 L AR 5 43 A A 32 4 v R P 22 T Y 5
SRE UL B AP R0 0 9 R, MK B R A AR 5
St S BEFTE R T EEER NS, RE R b
FERA SRS , At 3T N 45 1 I 0 7 TR S IR Pk
o ASCEBSIHT T 4138 W 4% v 52 0 7 434 9 AH G B 55 B
AR FBADFE L R B B R A R ) B R S R

T AR S B E R AT BUAR %%
G R e ) T ARAE T 5 B 4 St 2is e,
WAERE T S EA R PR F EE/EM. 1955 4,
Katz %5 A" i3 X 3¢ [ S Se vk 46 A ok B 4% B i 1 i BT 9, 42
BT RGALREIS , R T MR ) i 2 50k, /N4 =
T04514h” Copinion leaders) B3 “S2 1A F7 A 5 i 25 4
HWEREMR. 1962 4, Rogers & A\ LT “B2mi f1 A (influ-
entials B3 influencers) B8 4 6 iR HoAth A AN, 2w Sy
AR E AR 4 MR DAEZE B C IR Z RS HAN
DRBERZEE BN D BAFH WA DWBEFR A
B34 4514 (opinion leaders) | 4" #8157 38 i) 55 37 2 (innova-
tors) &5 H.0 Chubs) | W 25 #5715 45 (connectors) . & Z ( ma-
vens)ZE, 2003 4, EA[5]E X T #t25 m J7 (social influ-
ence) BN A HIAT A B 6% B4 8 35 () 42 1l 52 et A ) AR B L IR
B KATEN. 2012 48, SCHRL6 8 SC T 43 M 45 v (1952 0 g
(influence) , B 32 2| I 4& rf HoAth B P 1 52 W T S 804 A7 200
HIBR AR , R ) AEAt s Mg RN R A .

2 RIEREEERAR

M 5E B (influence strength) BV J& A 7 22 8] AH B 5% W )
BEST . ABGLR L2 P4 rh R ne o B BE B U vk R BRI A 45
9, MREEPIAN 9 s 22 18] ) SE [R] <8 5 H B SR BE B wa s B . B
J5 2 B T A M T AMK AT R RE 5 5 ARE . A
P AT R RPAE T R A A% 8] B 5 e 3 BE 5 L G 32 B R A% K 1
AP ZEE ARSI WERE., MEZRAEANFEESE
P E RN AR B SR B, B BT AT 5T A A
GEitplas# > 5 ik B B IMATEAR [RI T4 RS 3 v i) 32 R 58 BE

A5 BRI GG (1 52 ) 5 B B B O 1k AR EE AN T s 2 T
LR SEERE R ERFWIREE . XA M PN R
A 5 B, HILRBSEEH 8 Z , W52 e 5 BE i, A AR R 48
FLZR B Jaccard coefficient) THE BT & HIFE R E

_lnans|
S(A’B)ilnAUnBI

K, Fnpg FHFRRTHASBMBE, WRHHAS
B Za#A KEHILFELEE, WIAR A 5 B J58 K & (strong
te) , HMIAHA A 5 B K565 (weak tie) . MKIEFT T M AYIL
140 /2 %5 B BB Lh 35 B W Atb A7 A 22 8] Y 5 1 5 BE L (L)
R T AN B B RRIE 2 IR] B AR DL BE L B 32 BB, S8 AH B
B T A 2 ) LA R R ) B MR B L A LA e ) R P
Z B B E R R sR

2 FERAMATT A W5 5 B B O 0k MR AT R R AE A
FEARFRAE AR MR Z B M AZ AR BESE . SCERL7-914%
B B8 T AMAST Ry R BE B AR R SR BE . Goyal 58 A
FIFAAMKIRIE AT R B & BE RS W3R E . Xiang % A ZE Fa-
cebook Fl LinkedIn (¥4 b F Fl ™A 2 [] i 32 B4 1435
AR , B H T P AE 1) AR A AU SR PTG AR 22 18] 1) 5 M 588 BE
Aral % AP F| A 130 77 FaceBook Ff 5 3112 4+ 32 W 4% 1 5%
Wi S35 Mg .

2 SEAAAT Ay AT A 2 I 4% v AR ] ) 5 v iR B B R R
T, LA AN B B 0 AL i B AP 5 R 4 5 W)
R,

FIFGEITHLER 2 1 7 ¥ BE B 15 R ] (4 32 i 5 B - Gt 1
PR 2 7 BB P 2Z 1] (1 B R 5 8 Ol — A B AR i, i
EM 5% Gibbs fitte SRk e e & .

geitplas# I T EARER IR TS HHE S A,
2003 4E, Blei 2 AU k3R T LDA(Latent Dirichlet Allo-
cation) %Y, B Fl— MR Dirichlet 7377 i1 K 4ER3 & BEHLAR
BRI SOTE IR & L), BRSO P A B . 2007 4F, Di-
etz 5 NI SR 2%5 B SCAR I 245 5 ) 45 56 R SCRY (9 7 A= ok
RN — R SRS RN A P AR R B R AR : D 2 B H Al
PREIREZ TS | A A SR 5 2) B O BB VL , 6 4%
RN PR A A fe P b A B TR0 R 22, D) 32 80 ) 5 il 5
BEBE , MEE T Gibbs iR 71, @ A& E AR
LSRR A K3 LB RE R , DA BANE FR IS 3
SR . BE/E, Liu E A GHE S RN TR KR
R 22 AR BRI i 8 o B2 8 35 R 0 0] 1) 5% i) 5 BE
Ding % AU 4542 18 T B [8] 18] B% 5 800 9 3h 1 B B A
AR 8] 4 5 SR BE

IR, SCHRL 14, 15 15T XA AE W 48 56 2 135 2l % 2 R
Bl FIRGTHE SR A B U Z B 2 58 B2 . Shapa-
renko 2 AU B XEARTELE R4 6 R EAREUE 2 H TR
RAR, B G i+ vk EE R J7 . Gerrish 48 AN [H]
FEEEXEATFE M4 C R I A AREE R T sh ST AR
BEBR IS SCIE] 520 77 , BRI AR 43 07 B PPA B S

Foh, NG RR BRGNS R T B R MELETE B
S s Sy, B2 BT T U B R (TAP) B AL, JF HE T
Map-reduce AL T %A,

GEitpLas# > 5 EE RR 0 BE B T R G 0 5 i R B L (HL )
R T AR 4 B 5% 2 5 s 18] [ G B ] 7 370 A 4L A v 1
AR 22 ]38 H B B e R e 5 BE L AT (945 L A 1] 1] B
AL, R R R .

3 MEZmMAEERAR

HERNEH—E G={V,E} &=,V EHEER.ER
HMES . MEEE S EEBAR MR FEAFE S ET
O (degree) I H0 B (closeness) | HrE] Hruls BE (between-
ness) . HITS,PageRank K& ¥ B4,

MO AR SR B 5 SRS
B R SEROE RS S BRI S, EE
MEMBEBA SRR, 4 A RMEENSEER, deg(D R
TR 7 BBE WIS A 1 B RUBETPUDBE oPRO BRI R B

PP =deg(?)

o 49 -



T R B R BE T LABE AR g — A XAl N B 5 e R B, B
W TR R BENS 5 W A BE AR AR B Y R B2
FEN . EANTR A A S T AR AR R P
FHAE B TE 25 43 A B AU L SE W MR85 178 » KBJE TR
KB, E S Nascimento %5 NP #E 22 R A VE R 4% th
R SCECR N 5 | B AR B — R R ) B E B AR
o Cha AP T B & Twitter - AMASE W 77, 43 535
TR G & M4 AR K MR B0 B . Pal 4 A2
1 Twitter $HR4E 1% 18T AMA R & %L 0l 52 80 8 &
B B4R BB (mention) FIM 2250 H , 433 HE MR He & 5%
W) 7 45 B B 5 M) g A O e T 5

FUBE TR BE L E L A B — T R R T, TR
FHAERTEL/N AT Xof RS R AT I 4, O 220 0 7 5 W)
M

B b BE AR MA S AL W 48 vh BT BT R R
PEES (BB AR) Z R, $530 v BE FSR A3 A Al 4 22 )
EXTHEAMERE S . WA BTG B 0 e
SCIF

0 =¢l'S1
K, S H—MHRE, BRI G DM ICRERA T A BT R
J MBS BARKE 1 FRPrAITREER 1 &,

B rh O BE TR B THE R 45 vh BT 1 RN 22 ] Y 5
7, HHEIF R R R RS A B — 1 s e )

] O BE AR IR T ML T HE T R AR B AR
J1. HiE L B AT S HE BAR R I, B AE
ZRRREE B4 FHAA AR P E], BB RIE SR A
A AR R BE P B LR,

BET — Eb—ﬁ
i 7
7k Ojk

Kb, b Fn TR T 5k ZIEMSHEBEREE ;b AT A
5k ZE, HEE S WRERERE . HEPE O E
FIANE T E BT A 1 ST Z R W B JE AR, /B O(®)
HIBFRI S O(n?) By 25 [A1 FF 45 . Brandes™ 48 H T —Fp 2
BEERRERE, BNEE Ot+m) W2 B FF44.00mm) 5
O(nm~+n’logn) WA [E)FF4H , Fo i n /R W B H sm TR
I H . PiEFLETBEFFH R A RS RAIME H 1
“HATA . Quercia 5 APYBFSE T Twitter i W45 454,
KPR 2 5000 45 5 4 T 2 78 D0 4Tl L & AT 45 il L 1 JRR AR
EE.

HITS: fFEZ8 /R K211 Jon Kleinberg™ $2 H , %2 S0 2K
> Hypertext Induced Topic Search, ¥ FTE# R 5| E 1,
HRAE—~ W T 1 H 0 B (Hub) FAUZLBE (Authority) S5 & M
TEZEM., XRMEERPHENT R v,.2 alu) HIXHRK
BUBEE s hCo) RZT SRR BE . WY S AURE 50 B E

C

S
a*™ (gH)= > h® (v YR®D ()
Y€ inlink[v;]
_ S a%t ()
v; € aulink[v;] ’

Romero % A2 T B & Twitter H i MAR I 17, 456
ZR TN 5REME, & T2 HITS Bk K IP (influ-
ence-passivity) Bk,

HITSBRGEZ B T i WAEE Sh0E, FEE

e 50

RITEE B ZBE T 5 R 1 R 53

PageRank: ff Google 8ll#§ Az — Larry Page 12 %", &
BN FHAEAE 25 | B b, AR AR ) T 2 [ 0 e e e T3 I T HE 4%
—A DU 975 28 B BT A B ) B TUE P EE R E , (BB
Ja 2 & ¥ PageRank B ¥k N B4t &M%, B R A W
I ERERE . PageRank Bkl —F 3 T D /RBHR K
BEHLUFE AR P W M T EIAT R . 4 o Mgy
RUYWR 11843 10 5, P Ry W45 B (1 56 B 46 RF , W] PageRank
BAKXMT.

n:aPTTH—(l—a)ie,e:(lyly"',l)T

Rt HBREE T e AT Crestard .

Tunkelang %5 A% T B & Twitter H B AME R 10 77,
BEXT Twitter R HE K R T — M1, PageRank i) 5
B TR 2L I S WR) 1 SR M B AR R W T 5 B 45 T
R ELOG T i A P il WA 22 X2 A AR ) 3 1 SR
K.

PageRank BE% 18 T 1 SO W 11 BA6 4%, | 2 EA0t
B EXZNE T A A BRI T P fT hR R 2 B
FH AR PE K, (UMK 5 ) 2% 235 4 445 220 W B Jom 240042 B 14 52 W)
FIAMA, BT H: & B R 2 R R R 3 A . RO 238 B
XX —[F) R , 7€ PageRank Sk 5AE b, 421 T 45 A& MARHE
HMEasane S ERER .

PageRank B & 414 M4 s AMASRE 3 B a5
RAE BB TR, BFFEME R B W 1 AMA s
SR MR AT BRI U , QU RE 1 5
A H B S R R R 7, [R] B R A R B AMAGE R
HEBEW . Haveliwala 2 AP % BANMA I PARR-AE , 78
PageRank B 5l |, 2 | T Personalized PageRank & ¥,
HEAKXMT .

m=aP'n+(1—a)r

Personalized PageRank S-HH 50 (1 TR 1 ——e B0

A & 7, BEANITER v Fon AT AR I D 4 72 BE A
RAE BRI HREE S BURRES. Agarwal 35 AP 7E1H
FEIR P LA RMERN A E JERE GHIEUE DR AR E
KBS 4 NRBORE R MARE R S, Cai FACETFHE
B T F P TR AN [ 1 268 4R, A A P AN [ 1 2%
BIRAEAARFRE RS, Ho S AP R T EZHE, %
BT FB P (15 % (sentiment) , TA R /5% (credibility) & f F F
MXT A E &S B0 f7, Singla™® | Anagnostopoulos™® DL &
Crandal™ 2 5@ st S M4 R B AT 8 B TR P
B TR R .

AHIC 2 XA A [ 35 R 28 50 v B AN [ ) 3
71, 7€ PageRank B ¥k Z Rl -, BF 5 T 35 B8 2 1w 19 82 W F1 4>
M, REFHETIE TAER Weng 5 A ) TwitterRank Bk,
Bi7E Twitter $(HB4E b, AR 48 G T W 4% F1 P 248 A0 ol 11
BAMREREE LR S . Li % APREEE 85
SIH B AR EIL S, RIS S T R A 5 R A
B, R TSR E W AL, 3G 3 TIE
RE ST, BIMEBEGEZEBMEEME R



5 M4 454 , 7E PageRank Bk 2EAl b, BF 5T 1 2 T 0 2
FRE W S A A R B B AR R ME B 9 TAEH Song % ALY
) InfluenceRank & ¥k , HZE LA IR E 2% 8 THSCH # %
Xof P 4% ) BT AR » AP v 17 3 4T

535 Ding 5 ANCI B IG 22 AR, BRI T 2%
F I 45 1) BE ALY AE M AL R B R A R g

A MERHE S NS M ERERGAEZIRT
AMRIY B B REE A4 e g BE B AH X SR v , (B30 2 8%
TR Z X R B, i b P Z R E B E S K
R, ML I 2 K RFEHE MR 0 1 BE R R TR PRR .

4 BWAY

RN 1Y B AH A 5T B AR MY 8RRk (in-
fluence maximization) , $ Wi 3" 8% 5 K 4k &% B B Kempe %
ABR I, BSR4 K AT S1ERE BEE I
BILEFPF 0 2, (BT B B E R Kb, Kempe FAH
YR FRESBNE 23 Hr T 20 1 9 iU K46 24 NP-hard [5]
R, VAR T B (B AR A 5 0 ST R AL Sy ZE R 25 T (R e
EBA MY BER A 4 #g KB B

BEBLI L : AL P BERLIE SR K A5 FE R AR 70

EFWRPOENRE KBS MeEFEN LR
AT K AN SR G RR R 75

FT W AR B R R R A Sk R S H A BT
AN REEB R Z E/NG K AN SVE R T 5

P DL RS, BEDLIE S M A 1B B 4%
PR RMEAR LR , P L3 B R AL i — N0 VeG4
T A QAR K 3R 3B K AT B A4 7

R 18 K AbA NP-hard [6) 8, B I 76 B0 LR 32
BFFEEE), Lee % A HE Twitter SR 4 _FAEHICHE M 45
RN 1 A4 B T P A R Bk R — N P
FIEE I 7 . Gruhl 28 AU 6 X828 $000 , 1) B 14 Yu s Al
PERITE AL REAR , [F] B 1) P 5 AL 4% B A A s R L 1L
Java S N\M I RZ W48 56 R IR i iE , X &
MR IR 4R B . Bakshy % AMY £ Twitter SR P, R 8
BNHFER URL #3815 3 A, A7 9 B
SRR T AR S, Kitsak & NS B 58 T8 4%
Mg B R Y B EE T P RO s, RIS Y BEE I AL
F L KSR k-shell S ATk MBI E . Aggarw-
al AN T —FBENLE B BRI Twitter A 1R
FMEMIBUBTT . Steeg 5 AN FA S B8 R #1020 1 FH 7 8]
HME B0, AR Twitter (45 H7 5200 ) 1985 #z

RN 9 B KA SE PR, FIME RAE TEIE RER AL S
0 ST G AL ) A XE LA 2, BB KRG R IRE C MM EAL
. WIEN A BRI E B R T RIFMME AR,
75 LAHT S 2% P 4 A BRAK SE AR 10 i AL Rl B2 A5 LA S 4k, (5.
AR RO, FTE TR 0t a b i “ B R 3 P
{5 BAEBAMUKTEM B L5, B 5N G R AR EFERE
AAZC, TR 5L i AE BRI AL BE B N B

GRIE ALK T T FEAARE MR
R YA R Y B RS, R

JE BE BB AE b, A G2 230 R T 4 v i 3R TR 48 8 4 E
AR 22 BLAT R BE AR Te] A Y WS BE . ZERE W A
PRIz, ) 2 PageRank [ (8] 48 B2 58 1 ok g s A 44
FRE I 7 2 — R AR R Mk . FERE R T IBRE ) i B
WA S B A BORIOY WA . RS SN
IR R R 7 S AT B9 B A7 R L 1Y 2, (LB R ) S
R R 35 R e (A5 A % 5 e g O 9 D W o 2 Pk
A SR , BB 00 B W e Ml 450 0 B 38 Y P R B A 5 i)
FIA R RRAE s S 41 S AP AR F P IR A 28 LR B
SR AIRLRE (R AE B T R s R 2 06 R A A
TREI AT AR I £ 56 R M4 B BEHLIFE R SR 015
S R P o A 5 R Bt R e R ok JE A
RIS 19 BEE T .

DS BIEZFEREE, BEE SRS 13 &, AR
B DURIIRBRRAE R Bl 8 B P AR S ek e
WHNHWATERSEEMEIRA P, . SRAPFENER
R, SBHATHIFIE M 2 TS SR, ok Ar R
HENEE B, HAT AR B TR . tin. DSk
A KB T SCW 5 | TE P 263 5 2) 7% 42 b 2 & (mention)
TEH PR 5 | FCAl R P 9 56T 5 3) 6 v KB IE H F P T U
S AL P . RIS BB T TR A
O NS FLFE AR T B sl i IR 55 W 3, 138 K &= et 5E
B XL RBEH T W ARRIE B A Bl v » B = H A “Em stk
HAFE B2 AR, AT WARIESE IRk

R B3R P R B e T AR R B SR TR I Bk
i » DR L S T VR b 2 B 2ok U 3 P, TSR S R T BT A
A BR A M

DI SBARRE . EREBRBE Kwak 55 APV RS
RUIHIEACEA + 3 M 45 DI 58, B0 1) F BA 4+ S 1A )
A, RIS B, B P 6 R AOEE W BA WA~ B
DK RASEJ/AMENE R P23
A 38 R R B “ B ) HA A SR, BIVEE 0 4R BE () 3T
RS Tt I 1 FTR. B UKL G 2 R 46 JE 51
] T G b B 2 P P T O B IR SR

influence strength

NBA
Bryant  Howard

Durant

Los Angeles
Lakers

Nash

football

Barcelona

NBA  Ronaldo

Real
Madrid

Messi

Bryant
influence strength

Friend C
1 SiEEC A S W s )

FA P S S A SCRC R 2, WS P 2 B H 4
KRR 1R . B P R A SO I RNE AT Ak B 24
2B 1R A B “Bryant” LR R B 4 A B 5
C. B, MyEHE 2 A HE T+ A P 18] 52 R 5 B2 1 G 62 44 Bk
A )RR g Ay BRI WS PR AR, B P A B9 “Bryant”

L] 51 L]



R B H 4R A BS C MR AZ D,

FH P TR B 52 i 5k B8 B2 B BB 4% P R T4 B AL #E I B A2
B2 58 & vE R B M R A R AREE B 432 5 e 8
53 P SR T H A A R B e A W R R T R B B A,
T T 22 28 & 1 R 3 BV S ) 5 Wl Y

D MEZE LK AR, MR EE S, 4
FAZBHAT A BREWR, \TRERMEMIT N DA AL
H O WESCPEEAZEART @B 53 “via @B”, % K B
WG AP AZERCHESCPERZER @B, MEZH P
B WESG D A F A B P E AR RT @B” 53 “via
@B"5H RPN, BRI BMHESGORP A REA
F BEESC, B, S b B P R B SR B AR 2 R R AR,
FH P 8] B9 52 W) B 4% R — > 28 6 R I 4% (multi-relational net-
work) . UMA4FNF £ K 2R M4 £ K R M & 3 BT,
DL K A il 25 0 RN, 15 22 56 R M 48 I REAILIF E A A,
W= P o A AR 0 I P R R R

b e MRS IR T B R 55 R A EEAE
I AME S A T A F R RS A LE, B
WERBSMEE, YREEBRE LR ES, F WS
MEREBAEME PSS MIBEEBECHNER . EHECH
B, &R T 5 RER SIS IER. R, Ak
ENHEH SR P OREEEEER, B AMEKE
B OB M8 A7 B DL B 9 “ A A% Bk 777 BRAE A I 180
BB EHE S M M E .

DIF B Hka et . IS & i (“RT @) #15
15 B TC R il R b g 5 &, AT AR I B A 15 B bR
bk, PO, ARERE A B A b 7 R B A BORM Y RE
1 RE—ANRPERER T —4ERE M4, BEBRAS
PR PR WA P A BRABRNY BEe . AP
WIS F R SRS 4 NEFEM D AP EARRHER
AL E , B FRUERE B B R B AN E IR
HREVIINS 5P BA MR YHEE S 2) P mi
HABF P ECH 85 AR R —A P ESC AR P e
B2, WA B BR MY BRE 7 5 3) P 82w 1 oAt P
B B Y BAE ST , 8 H A B BAR s 0 A P AR R R P
BABSRY AL ;O R Y 85 B HEE , #H%IAH P
Ve BB R, VAR S R, LSS R R 4 A
R, #5201 e ) BE R A B B A rh 2w 9K
BEJ7 BE R TIG A Pk Sk R )RR

T B Y B RE ) B B AR AR M T b R TR G
A R LT AR BB S AR AR , B R IR
S PR EA RS PR THEEWER. Fat,
EIGHEHT B B ERE D T ERE BN S 5%,
18 RE S AR ELS A A AL & R e, R I SE R W 4
B SO A DA BAT AR AS , RURT Al PRkt b T ) B i
ARG

2 % X

[1] Gladwell M. The Tipping Point: How Little Things Can Make a
Big Difference [M]. New York: Little Brown, 2000
[2] Berry J,Keller E. The Influentials: One American in Ten Tells

.52.

the Other Nine How to Vote, Where to Eat, and What to Buy
[M]. New York: The Free Press,2003

[3] Katz E, Lazarsfeld P. Personal Influence; The Part Played by
People in the Flow of Mass Communications [ M]. New York:
The Free Press, 1955

[4] Rogers E M. Diffusion of Innovations [M]. New York: The Free
Press, 1962

[5] Cialdini R B. Influence; Science and Practice [ M]. Boston; Allyn
and Bacon, 2003

[6] Aggarwal C C. Social Network Data Analytics [M]. New York:
Springer, 2012

[7] Goyal A,Bonchi F, Lakshmanan L. V'S, Learning influence prob-
abilities in social networks [C] // the 3rd ACM International
Conference on Web Search and Data Mining (WSDM”10). New
York, USA, February 2010;241-250

[8] Xiang R,Neville J, Rogati M. Modeling relationship strength in
online social networks [C] // the 19th International Conference
on World Wide Web (WWW’10). Raleigh, USA, April 2010:
981-990

[9] Aral S, Walker D. Identifying influential and susceptible mem-
bers of social networks [J]. Science,2012,337(6092) :337-341

[10] BleiDM, Ng AY, Jordan M I. Latent Dirichlet Allocation [J].
Journal of Machine Learning Research,2003,3:993-1022

[11] Dietz L, Bickel S, Scheffer T. Unsupervised Prediction of Cita-
tion Influences [C]// the 24th International Conference on Ma-
chine Learning (ICML’07). Corvallis, USA, June 2007 : 233-240

[12] Liu L, Tang J,Han J, et al. Mining topic-level influence in heter-
ogeneous networks [C] // the 19th ACM International Confe-
rence on Information and Knowledge Management (CIKM’10).
Toronto,Canada, October 2010:199-208

[13] Liu L, Tang J,Han J,et al. Learning influence from heterogene-
ous social networks [J]. Data Mining and Knowledge Discove-
ry,2012,25(3):511-544

[14] Shaparenko B, Joachims T. Information genealogy: Uncovering
the flow of ideas in non-hyperlinked document databases [C] //
the 13th ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining (KDD’07). San Jose, USA, August
2007:619-628

[15] Gerrish S M, Blei D M. A language-based approach to measuring
scholarly impact [C] // the 26th International Conference on
Machine Learning (ICML’10). Haifa, Israel, November 2010:
375-382

[16] Tang J,Sun J, Wang C,et al. Social influence analysis in large-
scale networks [C] // the 15th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (KDD”’
09). Paris, France, June 2009 :807-816

[17] Ding Z Y,Jia Y, Zhou B, et al. An influence strength measure-
ment via time-aware probabilistic generative model for microb-
logs[C] // the 15th Asia-Pacific Web Conference. Sydney, Aus-
tralia, April 2013

[18] Wasserman S, Faust K. Social Network Analysis; Methods and
Applications [M]. London; Cambridge University Press,1994

[197] Aggarwal C,Wang H. Managing and Mining Graph Data [ M].
New York: Springer, 2010

[20] Feo7R, BEEAR R, 5. T MERHED B0 R G454



[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

AR MR LT HELER, 2008,31(10) : 1795-1803

Cha M, Haddadi H, Benevenuto F, et al. Measuring user influ-
ence in Twitter: The million follower fallacy [C] // the 4th Inter-
national AAAI Conference on Weblogs and Social Media (IC-
WSM’10). Washington, USA,May 2010:10-17

Pal A, Counts S. Identifying topical authorities in microblogs
[C]// the 4th ACM International Conference on Web Search and
Data Mining (WSDM’11). Hong Kong, China, February 2011
45-54

Brandes U. A faster algorithm for betweenness centrality [J].
Journal of Mathematical Sociology,2001,25:163-177

Quercia D, Capra L, Crowcroft J. The social world of Twitter;
Topics, geography, and emotions [ C] // the 6th International
AAAI Conference on Weblogs and Social Media (ICWSM’12).
Dublin, Ireland, June 2012 ;298-305

Kleinberg J M. Authoritative sources in a hyperlinked environ-
ment [J]. Journal of the ACM,1999,46(5) :604-632

Romero D M, Galuba W, Asur S, et al. Influence and passivity in
social media [ C] //the 20th International Conference Companion
on World Wide Web (WWW "’ 11). Hyderabad, India, March
2011:113-114

Page L, Brin S, Motwani R, et al. The PageRank citation rank-
ing: bringing order to the Web [R/OL]. http://ilpubs. stan-
ford. edu:8089/422/,1999

Tunkelang D. A Twitter analog to PageRank [EB/OL]. http://
thenoisychannel. com/2009/01/13/a_twitter_analog_to_pager-
ank/, 2009

Haveliwala T, Sepandar K,Glen J. An analytical comparsion of
approaches to personalizing PageRank [R/OL]. http://ilpubs.
stanford. edu:8089/596/,2003

Agarwal N, Liu H, Lei T, et al. Identifying the influential blog-
gers in a community [C]//Proc of the 1th ACM International
Conference on Web Search and Data Mining. New York, NY:
ACM, 2008:207-217

Cai Y,Chen Y. Mining influential bloggers: From general to do-
main specific [C]//Proc of the 13th International Conference on
Knowledge-Based and Intelligent Information & Engineering
Systems. Berlin: Springer, 2009 ;447-454

Hui P, Gregory M. Quantifying sentiment and influence in
blogspaces [C]//Proc of the 1st Workshop on Social Media An-
alytics. New York,NY:ACM,2010:53-61

Weng J,Lim E P, Jiang J,et al. TwitterRank: Finding topic-sen-
sitive influential twitterers [C] // the 3rd ACM International
Conference on Web Search and Data Mining (WSDM’10). New
York, USA, February 2010:261-270

Li D, Shuai X, Sun G, et al. Mining topic-level opinion influence
in microblog [C] // the 21st ACM International Conference on
Information and Knowledge Management (CIKM’ 12). Maui,
USA, October 2012:1562-1566

Song X, Yun C, Hino K, et al. Identifying opinion leaders in the
blogosphere [C] // the 16th ACM International Conference on
Information and Knowledge Management (CIKM”07). Lisboa,
Portugal, November 2007:971-974

Ding Z Y,Jia Y, Zhou B, et al. Mining topical influencers based

on the multi-relational network in micro-blogging sites [J]. Chi-

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

na Communications, 2013,10(1) ;93-104

Kempe D, Kleinberg J, Tardos E. Maximizing the spread of in-
fluence through a social network [C] // the 9th ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining (KDD’03). Washington, USA, August 2003:137-146
Manuel G R, Leskovec J,Krause A. Inferring networks of diffu-
sion and influence [C] // the 16th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (KDD’
10). Washington, USA, July 2010:1019-1028

Chen W, Wang C, Wang Y. Scalable influence maximization for
prevalent viral marketing in large-scale social networks [C] //
the 16th ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining (KDD”10). Washington, USA, July
2010:1029-1038

Wang C,Chen W, Wang Y. Scalable influence maximization for
independent cascade model in large-scale social networks [J].
Data Mining and Knowledge Discovery,2012,25(3) :545-576
Lee C, Kwak H, Park H, et al. Finding influentials based on the
temporal order of information adoption in Twitter [ C] // the
19th International Conference Companion on World Wide Web
(WWW’10). Raleigh, USA, April 2010:1137-1138

Gruhl D, Guha R, Liben-Nowell D, et al. Information diffusion
through blogspace [ C] // Proc of the 13th International World
Wide Web Conference. New York,NY:ACM, 2004 :43-52

Java A,Kolari P, Finin T, et al. Modeling the spread of influence
on the blogosphere [R]. Maryland; UMBC, 2006

Bakshy E, Hofman ] M,Mason W A, et al. Everyone’s an influ-
encer; Quantifying influence on Twitter [C] // the 4th ACM In-
ternational Conference on Web Search and Data Mining (WS-
DM’11). Hong Kong,China, February 2011;65-74

Kitsak M, Gallos L. K, Havlin S, et al. Identification of influential
spreaders in complex networks [ J]. Nature Physics, 2010, 6;
888-893

Aggarwal C C,Khan A, Yan X. On flow authority discovery in
social networks [C] // the 11th SIAM International Conference
on Data Mining (SDM”11). Phoenix, USA, April 2011.:522-533
Steeg G V, Galstyan A. Information transfer in social media [C]//
the 21st International Conference on World Wide Web (WWW’
12). Lyon, France, April 2012:509-518

Singla P, Richardson M. Yes, there is a correlation -From social
networks to personal behavior on the Web [C] // Proc of the
17th International World Wide Web Conference. New York,
NY:ACM,2008:655-664

Anagnostopoulos A, Kumar R, Mahdian M. Influence and corre-
lation in social networks [C]//Proc of the 14th ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. New York, NY:ACM, 2008:7-15

Crandall D, Cosley D, Huttenlocher D, et al. Feedback effects
between similarity and social influence in online communities
[C]//Proc of the 14th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining. New York, NY:
ACM, 2008:160-168

Kwak H, Lee C, Park H, et al. What is Twitter, A social net-
work or a news media? [C]//the 19th International Conference
on World Wide Web (WWW?’10). Raleigh, USA, April 2010;
591-600

0530



