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Abstract So far, micro-blog has been one of the most popular platforms for people to access and share
information. After long-term development, there are many experts with authoritative professional
background knowledge. Mining experts in topic-level will contribute to the user recommendation and
public opinion analysis in micro-blog. In micro-blog, experts in a topic are the users who have high
influence on the topic, since they have authoritative professional knowledge and skills about the topic.
High influence is a necessary condition for experts. Influence analysis belongs to subjective problems
and need to be quantified objectively. In micro-blog, the probability of being retweeted is one of the
most important indexes to measure the influence of users. So we can find out the high influencers by
analyzing the retweet data. But, there are two kinds of retweet behaviors for the users in micro-blog:
“topic-sensitive retweet” and “following retweet”. Therefore, the users who have high influence
because of being retweeted with high probability are not always experts. In this paper, we propose a
probability generation model EMTM (experts mining topic model) which can find out the experts in
topic-level by distinguishing two kinds of the retweet behaviors. We use Gibbs sampling for model
inference. Our experiments on real Sina Weibo data show that our model EMTM is effective in mining

experts in topic-level.
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Symbol Table for EMTM

£1 EMIMEBRGHFSHPR

Symbol Description

U The set of the users who have retweet behavior. The size of the set is |U]J.

D, Retweet set of the u-th user.
Nua Number of words in the u-th user’s d-th retweet.

K Topic set whose size is | K]|.

\% Word set whose size is |V].

A The set of users who was retweeted by others. The size of the set is |A].
Wadn The n-th word in the u-th user’s d-th retweet.

Aud The u-th user’s d-th retweet retweeted from user a.

Zud The topic of the u-th user’s d-th retweet.

@, Word distribution for the k-th topic. It’s a vector which has | V| dimensions.

D, Word distribution for background topic. It’s a vector which has |V| dimensions.

User distribution for the k-th topic. It’s a vector which has |A| dimensions. Notice that users
1 here are the elements of set A.
User distribution for popular topic. It’s a vector which has |A| dimensions.
1 Notice that users here are the elements of set A.
The parameter vector for word binary indicator distribution which has | V| dimensions, and ¥, is the binary
¥ indicator distribution for word w.
The parameter vector for user binary indicator distribution which has |A| dimensions, and I', is the binary

T indicator distribution for user a. Here, users are the elements of set A.
Fudn Binary indicator for wyay : if fuan =1+ wWyan is generated from @5 if fuun =0, w,a, is generated from @,
Sud Binary indicator for a,g: if s,g =1, auu is generated from Il ; if s, =0, a.u is generated from II,.

0. Topic distribution for the u-th user. It’s a vector which has | K| dimensions.
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Fig. 2 Comparison of average precision for Top-N

users being experts.

2 Top-N R & G P B a6 58T 1L

K 2 26 45 L R EMTM R X 4 FH P 5 &
1R 8 EMTM—) FifE G520 J3 JH 7 43 B Twitter-
Rank J5 15 78 42 48 S8 b 32 RUAE OC % 200 [n) A 1 4B
B E AR R, TwitterRank 19 H 52 & B £
THEmMAMH P 5ACHHBARF. EMTM #
TwitterRank (X Lt 45 5 AT LM AT 36 0 4 19 v 5%
) 3 g B P O AN — s 2 % SR A5

T ok S 2 48— 20 B, DA 0 i S A
AR A F B EMTM,EMTM(—) ,
TwitterRank X 3 Ffi /5 ik i CF“ Bl 47 8 Top-5
EE R M FT 2~4(KFP M KEOITERS M
B FRAMCH . &Rl 28055 B A
SCE AR A BRI T REENEE. B2
BORGAE Y R A2 a5 5.

H# 2~4 M sE Bl Xt &5 SR T LA L EMTM
(—) Ml TwitterRank #8244 5 427 32 BURAH K1Y
FH P Can P Tt 9 7 R0 0 YR 401 4 3 558 e 1) HE 44

YW T EMTM KR 1 P e K A5 o0 347 IX 0 1Y
AR AEA X P e e AT i 07 6 R b 22 BUR
[FLPNAEDAPC R S ok iR e e % A R U ]
TRALAI” + fhy T A YOG T B 4 B0 ) Cn 42 e e
gl H SRR TR Z k2 i B 7
(7] P 60 4 7 o A Bl B b o LR O VT
PR RS A i % T gt e 4 S S
e U AR S 9 P HE 4 AR 2R T HLIE B K
298

Table 2 Top-5 Experts Mined by EMTM for Sports Car

Topic

*2 EMIM X TFHETTFBEM Top-5 HER

User Name Followers Description

The king of the micro-bloggers about
130000
car.

IR

The office micro-blog for the famous

VA 1 660000 magazine which is named { CAR AND

DRIVER).
Report authority car evaluation. Now
BRI 220000 -
its name is “JX 4 PEM .
F O E 840000 The office micro-blog for BMW.,
Magazine publisher for magazines
Rl 590000 which are named { ramp % i ) and

(TAGET R fhiFA ).

Table 3 Top-5 Experts Mined by EMTM(—) for Sports
Car Topic
®3 EMIM(— )X FHRETHFIH Top-5S WER

User Name Followers Description

The king of the micro-bloggers about
AR 130000

car.

Report news about car. It is the office
3390000
micro-blog for Sina Car.

BRI

The office micro-blog for the famous
AN 1660000 magazine which is named { CAR AND
DRIVER).

This user is not the real user in Sina
Weibo. It appears in micro-blog
. because the tweet is shared from the
L I none A ‘ ‘ A
youku website. So it starts with @ in
the tweets, and is extracted in the

reason of being regarded as a user.

Magazine publisher for magazines
las e 590000 which are named ¢ ramp % j& ) and
(TAGET R ShiFA).
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Table 4 Top-5 Influencers Mined by TwitterRank for
Sports Car Topic
Fz 4 TwitterRank X FHEETEEH Top-5 WEMAOHP

User Name Followers Description

The king of the micro-bloggers about

B 7l S 130000

car.

This user is not the real user in Sina
Weibo. It appears in micro-blog
. because the tweet is shared from the
e T none e : .
youku website. So it starts with @ in

the tweets, and is extracted in the

reason of being regarded as a user.

Report authority car evaluation. Now

HRIK G 220000
its name is “JKZEPEM 7.
_ Report all kinds of new things. It is the
HIRPA 6810000 S o
office micro-blog for Sina Video.
It is a famous magazine about
modification for the sports car, but it
e 2 ik none has not office micro-blog. It appears in

the dataset because of being mentioned

by users initiatively in the way of @.

7 TwitterRank 5264t o, 94 % i £ B h
He£7E Top-5 W9 JH 7 &8 A P “ P 5 7 47 75
42% 1 £ HEA FE Top-5 W H P &8 A45 FH P 8
TR AEAE 3K A7 G SCHR L1 ] H TwitterRank 5255
Mg R BIA S H] P 23 78 20> 3280 A B 1 5
775 [ BB T AR R A P —
JE S A L K. U LT 7S A S S i
ELH I AU B AE 2 A T HR B A
M) 3 2 AL A I T R T T A o 2 0 ) A ) ity
Z— AR Z F P # DOG T O AT ) 3l 43 = T A& A R
%) FL A 38 Gt b B RS D 7 A 1S 328 v B i ] T
B A L R T AR 1A R R 2
(9 FH 3 0 2 Ath I 4 i YR AR — A T B K = K
222 F N IR B 7 AR 2 A F T A
B 5 HE A 07 B R B 32U (1 L RIZIRACR.
KL, TwitterRank A DL SR 42 48 5 3 @0 AH OC 1Y 52
M) 3 P B IS e B B oK i e 55 3 REAH O Y
B RAZ Y )

BERkE— 308 EMTM 3 i X 43 P i 2
Pt e A7 R AR A 42 4 1) 5 32 AR OC 1) % 58 5 AH N 32
IR A AH G . DA e 2 O v AR I DL TR A
B CVRRET U S E 74 AP L

M X 5 2 Bl % 47 R ) EMTM J 3 Br 45 25 1
R OL TR O IR A VR RET R S E T 4

AP 5 SR DG B A R B B R e R
el 3 . BERAE i S0 7 RGPS 25 R 5 2.
3 mT LA M il 00 B 07 A IR A 00 R
FH P A A ™ 32 AU 5C 7 45 9 R B 2 27 £ LE 491 e
PP S VRRE? 52 S b [ 7 /Y e A0

0.8

O Topic-sensitive Retweet
0.7 @ Following Retweet —

0.6
0.5
0.4

0.3

Retweet Proportion

0.2

0.1

0.0

R BRI Rt

Users

Ot

Fig. 3 Probability of being retweeted due to different

retweet behavior.

P3P OR R AT o % 0

5 P AR A 2T W J MR B0 40 A e ]
5 Ps CEEAS T B0 HA X 9] e 4 3 AR
WL EBO . P a 7EF R kT W R R

H,m/zlha 3R 5 AT LAFE A B A 3 IS

P07 T IR A A 24— 2 9 M 3 S 5 T AR TR el
TR 2 A 106 J2 06 T 3 28 7 4 AH 06 328 1Y 5
CYRBE” S Ty [ 2 80 Yo H R M 4 L A T 8K
it 4 o D0 77 LRI TR A A A e B G T
Zeffy F R rh 2 85040 LA b #B R 56 F 4 i e dn 4
Ji& RS CAE . T DA L A A R
FE” 5 D R LT O I R IR A B A
ARG 0 T AH SCVE B 4 =R H P, o HoHERE 0
TR BE by AR B TR AL B AR L
Table 5 Users’ Topic Probability Distribution
x5 BAPRPESTIEATHEANBEESH

User Name Topic Key Words Probability
‘ B B mv 4355 B % 0.464 4
e 1 ) )
Heds Wil BMW F1 M4 0.004 2
SYE WU 7)Y WS HA 0.2890
. E B B EE 0.1571
R AL X
L E WA ik R E R 0.1005
Y3 Bl BMW F1 M1 0.0104
g e Bl BMW F1 4 0.8667
ErC AR P sl BMW F1 B % 0.7143
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3.2 EEERYRSW

H T A T SRR 2 ) 4 5 ) 21 5 2
FHOGHY % 2 B 28O » TR AR SC LA TR 2% BE (per-
perlexity) """ Jp 48 b5 47 #E AL EMTM 5 14 48 32
RS LDA 5% b SE 5, UITAG B R EMTM Xf 3
TSI RERUR.

PRI 25 R 2 B it o R AR AR A R FH AR A . R
I 5 A AN R /I AR R R A 1 AL
By, WRREE R A AR

Perperlexity (W) = exp {— %2 In p(w,) } ,

n=1

o W A 4w, R 032 K 4 4 b ] UL
AR, N Ry i A B AR ST S 00 RO 4 Ah . DS ik
6 000 A~ FH P By BT A e T ST A: Sy I 250 90 42 7 A
[ e 06 2 505 B T A IR B . AR IR Gibbs SR AR %
£ 100 %%, & | K| =50, 33217 10 Ik Gibbs R
5% LDA Fi1 EMTM £ A4 ) R 2% B 7 5 {8 a1 3% 6
JIt . b R KR AT LA & B, EMTM X 3 R
AR AL LDA X 32 81 S 455 5 R -

Table 6 Comparison of Perperlexity

x6 EBMEXLER

Model Perplexity
EMTM 5743. 351
LDA 21027.203

4 BHESREKIE

ACIRAE Sy 0 Aok AT AR UM B 4 215 B it
T B 2Z— A28 s b 5 3 8AR G £ K iR
SETEF PSR R S B S i AR AR . TR
SEA S TR P AR B RO T P a2 G AR
JE AR B AN YA L A AT GO oA R e ) B PR — 2
LR ARSI T — Pl i X o0 P e B AT M5 38
5 32 A DG Y L R AR A R R EMTM, 3
H R A Gibbs SRAE J7 35 X R R HE 47 5K A, A 30508
TR A X ST B B E T EMTM 7 fift o i 1
rh 5 38R O 19 & 55 4 Tn) B 1 A vk DL M
EMTM X 3= 8 i SC AR 0 A R

FERE RN TAE b A SR g — B R R 51 A P
(A N 28 46 e M A5 P P %, DL B X4
FA X B G R AT A . F T BE 6% B 4 b 42 i
5 3 A e & R
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