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Proposal to use LDA as the Link Generation Model in Social Networks
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Recently, many users have posted a large amount of text to Web using blogs or SNSs. Many researchers have
continued to analyze that text because it represents users’ latent interest. The LDA, a major topic model, is widely
adopted as a method to extract users’ interesting topics. Other hand, online social networks like Twitter is gaining
interests by researchers. In Twitter networks, that is said follow relations represent users’ interest. We propose the
link generation model such as: (1) users have their own topic distributions, (2) follow relations are generated on
the basis of their topic distributions. We can estimate these topic distributions by using the LDA. In this paper,
we conduct LDA to the Twitter network and evaluate the results.

1. ELC®HIC

SEEE, 7a 2% SNS BIESFIHEINE L5127, Web
R a—YPEBEUEZARBREO T F A MPHELET D LD
otz TNH6DTFFAMIZ—VOMMEOIRERL 72
BWMTH DL UT, BRAGRFIEIZLBMPIGAA LN TE 72,
FTH, PEYIETLO—FTHS LDA (latent Dirichlet
allocation) [Blei 03] I, Z—VOEHENR MY 7 &2t T
LZFRELUTLLAVLNTVS.

— I, LDA R XEEATOHEIZEHL, ThTFhDOX
HOROWBENI Ny V2 #fiET 5 FETHS. LDA T,
BENBIEBOBHENEY ZWBEFEL, TNH6D Ny 2 T8
DHFED A EERIZFED W THFEIER I NS &\ 5 SGEERK
ETNVEBEELTVWS (K1 (a). LDA ZHVWTZ—¥F Dk
Yy 72 MET 50, 1 N\O2—FRERLZETFANE
IXHERBTIENZ V. fEEIN2—FD MY 7 D%
RHERDAED, TOI—FOMFEPEFERL TV,

—7%, 7827% SNS DA TIE, Ha—FEry hU—2
D/ —REULTETFTIWVLTHILHAARETHY, I3Ia=
T4 SRR O R L IIEEINT WS, BE, <12
O7asoO—@TH5 Twitter DXy h T —2 &KL L
WEMNILL fThh, Twitter DR Y b7 — 27 3L 7241 B
BERLERY b7 =2 T3, BEPELOBBREEL:
IV b= THBEHREZINT VS [Kwak 10].

Bxb g, AVSAVY =Yy LRy NT—2IZBF5Y
VI (7HE—BR) Ik, TOI-FOEIKICEDINTHERS
NHE2EZ5. 2%, TNEFNOI—FIIEBDO Ny 7z
RUTHEZRF > TE D, ZOEEIZEDINT 7 + v —FFEHR
ERENBE VWS Y VI ERETFVERET S (M1 (b). X
LWZRT LT, BADERET SV VIERET IV, Lo
XEERETNVOXEEZ I—PIZ, HiEE (740 —XHD)
I—PIEESHMIZEDTH 772D, LDAILLS Y 7
ENHEETHIEEZOND.
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2. FEEMHRRE

2.1 LDA Ok & SH

Web BIZFEET 22— ER L7227 F A ML, LDA
EHWS Z & TIPHST P HBER, 22— 707 7 1 e
WREDITAD., XENT, HH MY 7 ICHEETLHGETE L
FoTHBTHILIZEHL, XHEHNDELVNLD MY 7%
ETMCHARAL Z LT, EmEEICER L2V ¥ a—X O
HIE & ATHEIZ U2 € TV [Titov 08] BRI hTWVW5S. %
7z, TAT L A=V ORERZ MLEHAWTL =T 1 V7l
ZFWT 5 ETNVIZ LDA MBIEHE T WS [Agarwal 10]. Z
NS ORI LDA OXELERET IV EIRT A2 2T, 7%
2D SFREDOEREEL TWS, BAIFHETIIRLS 74
O—BRIZEELZETVEFEL, LDA ZHVWTI—H0D
WIkD Ny 72 HETHZLEHNELTWS.

EAETIE, Twitter OF ¥ A M2 LDA %M U 72 #i5e A3
ATETVWS., WEHOMWI—YE2HKET 5/-DI1Z, LDA
ERHVWCHELRZ MY 7 %2FE L7z PageRank 7)V3Y X
I [Weng 10] %, 12DV A —MZ 12D MY Z7%ED YT
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5 X2 ITBEE N7z LDA [Zhao 11] BRI NLTWS. K~
& Twitter T—H DR ZE 21— D 7 + 0 —BHRICE DWW THE
ET S, 7Aa—FRICH LT LDA 28/H L2k, #x
DHIBR O FEL RO,

2.2 RYKMNI—VERETIL

BHEr Y N7 — 2 OREIELIZ DO, RE—LT—ILR
PR =7 ) =MD &S RS S Mz I T E 7.
3y b7 =27 DEK (KE) BEBICEH UAEZMEISL A
N, A7r—nV7)—WrEETEIY NI EERTHETIL
(BA E7 )V [Barabasi 99]) A% Iz, 517, BMEET
)V [Caldarelli 02] &R E 7 )L [Vazquez 03] 72 ¥, A
=7 ) —EEHHATEIETIUNREINTVWS., ZhHoD
ETNE, v MU= 2EERE -WRBUITRA, /- RO
RER /) — NREIO#E R 12 DO WT Ry b =2 2 EKT 5
ETNTHD. AETE, A1) =Yy bxy b7 —
BRIV, 2y N —2REEIZBIT B ) — FORHY
WIREL THERINE DT RL, &/ —RIZ#E4YTs1—%
OHEIED by ZIZEDWTEKINE L EZ 5.

3. RBEFE

LDA IEXCEHEGHITHBT 2 HEEICEHL, TNEThOH
FENED NEY ZIZDOWTERT DHFETH 20 HfEET 2 FiE
THb. KETIEXY v —2 ED) v 2izdLT, Db
Yy ZIZHEIOWTEREINTWDE Y v o ThHsdh, FAUTEE
AWTHET 2. 94bb, LI TOES>iIca—HYul
TVYR fun ORIZNEY 2 24, DT 4 0 —BIBHPERE N
L EZD. 2L, ARTRHLZ2—FRT7ru0—-LTWV5S
I—P%2TLVREIERZ LT D, 72, niZ7L Y RDA
VFEY I ATHB.

1. =% u O My Z@ERFERSAG 0; IRV, FEw D

Zun =k ZBHERKR

2. MY 2, =k DT LV RERMERDA dp IHEWV,
TVYR fun ZHEK

BV IOy T 2z ZHEET B5FIEICTIE, Gibbs 7Y
VN & B HEE T [Grififths 04) 2. ZOFEIE, +
IR AR ERDE S LB WKEE THEEATZ 5 Z L 235
NTHH, FLEEELBGTHHZHELHNGNT WS,

4. FHMSEER

Twitter Streaming API @ sample T KK > h*1%H]
WT 20133 A 21 HIZHfELZza—H D55, SiEkEzH
ARFEFELLTWD 25,076 2—HOLT7 LY REIEL, vy
IWEEIToT-.

212, 52 a—FOHEI Nz by 2RINER (0) %
AT 2L, MYy ZEIE 200, #iEDKEREIZ 500 [T
5. FEvZ 4 OEBEETLYER (7L RRBRER ¢ D
KEVWLI—Y) %, BCHTEESLOIK, HAEEK, P
HFhEK, FHHRKESEBEHECTH-72. Y7 73 DEH
EI7LYRIZ, £0b2REVAK, MEK, MAIEK, /A
KOS DES 0 TOS S IV DMRFEDOEES TH -7,
ZE, IN6D2O00 MYy 7 EEDRI—YAEVRIE
KERTIMEYIZD, TNTFThOI—FOEz2ELTWSE D
LiIxa—-TFHEDHERL TV,

x1  http://dev.twitter.com/docs/api/1.1/get/statuses/sample
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5. BHYIC

AR TIE, BIED Ny 212N T 7 4 10 —BERAER
INBLREL, LDAZHWT MYy 7 2HE L. N
REBIZED, EULL VY IHERITRADZ L 2R L.
S, VoV —b () »o#fiELZ Y I ED
FEREWREFEBRIZLVESIT S, £, KAMHEY2—
WS o I 7V r—ya vinHAOEEEZHET 5.
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