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Abstract  Since the semantic social networks (SSN) is a new kind of complex networks, the
community detection is a new investigation relevant to the traditional community detection research.
To solve this problem, an overlapping community structure detecting method in semantic social
network is proposed based on the random walk strategy. The algorithm establishes the semantic space
using latent Dirichlet allocation (LDA) method. Firstly, the quantization mapping is completed by
which semantic information in nodes can be changed into the semantic space. Secondly, the semantic
influence model and weighed adjacent matrix of SSN are established, with the entropy of nodes in SSN
as the semantic information proportion, the distribution ratio of nodes as the weight of adjacent.
Thirdly, an improved random walk strategy of community structure detecting in overlapping-SSN is
proposed, with the distribution ratio of nodes as parameter, and a semantic modularity model is
proposed by which the community structure of SSN can be measured. Finally, the efficiency and

feasibility of the proposed algorithm and the semantic modularity are verified by experimental analysis.

Key words random walk; community detection; semantic social network; latent Dirichlet allocation;

semantic modularity
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Fig. 8 The semantic community of QLSP network.
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Bk CAL LA fOC R A A 1 EQ. A8 V4 I ] 7YY
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UEOC,EAGLE,CPM HE & X EBE % T

QLSP #4410 & — 4~ clique #E X (26,28,41,46,
49,52) A1l H T EAGLE, CPM 5k, A it A< 324X
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Fig. 10 The comparison chart of EQ and SQ.
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Table 1 The Value of SQ and EQ by Classical Algorithms
x1 ZKBREZHSOMEQE
Algorithms SQ EQ
GN 0.3584 0.4617
FN 0.3157 0.4061
LFM 0.2329 0.3254
COPRA 0.4203 0.5410
UEOC 0.4071 0.4410
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5.4 HXHEELRDW
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Table 2 Results from Classical

BEEIE I LA R K 2 NS FE N bR B AR 1Y
PATEH R R SR M1 28 (=3.9=
4090, fiL 4% EQ.SQ Kt X A% CS, & 12 FllEl 13
Iy A AR EQ M SQ EL T Hirp 1A 12 By 4h
RFIRA T SR LS RAE EQ AR T i 45 R 4
25,1 13 A5 R T4y ik 1 A SC SR Bk 1938 AL
DX 5] 73 435 SR RS B . AP 12 IR 13 0 B T L+
BT AR G AR SC SR B O A Ak B SR 22
28 AL IX R B In) L

Algorithms with Different Datasets

K2 BHESHNTER

Algorithms Measurement QLSP AFD CND DBLP(A) DBLP(B)
EQ 0. 31 0.13 0.19 0.28 0. 31
GN SQ 0.23 0. 15 0.18 0.21 0.28
CS 10 25 39 17 16
EQ 0.42 0. 15 0.22 0.31 0. 26
FN SQ 0.32 0.13 0.17 0.29 0.25
CS 10 27 37 19 16
EQ 0. 36 0. 14 0.24 0.4 0. 36
LFM SQ 0. 31 0.13 0.21 0.33 0. 31
CS 12 24 33 22 12
EQ 0.41 0.31 0.11 0.38 0.41
COPRA SQ 0.28 0.21 0.12 0.29 0.32
CS 13 21 35 21 13
EQ 0.38 0.23 0. 26 0. 36 0.31
UEOC SQ 0.31 0.22 0.22 0.29 0.2
CS 12 24 30 22 14
EQ 0.31 0.25 0.28 0. 37 0.3
SR SQ 0. 34 0.24 0.25 0. 35 0.33
CS 11 20 33 20 13
0. 45
010} —f
= LFM
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Fig. 12 The histogram of EQ for different classical algorithms.
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Fig. 13 The histogram of SQ for different classical algorithms.
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5.5 BXHRMEMREZRE LRI

AR T S0 L 2% 2 I BOE A DA B i
SCHEIX & BLA DU SCRE X % BLA 2 bl Y
Enron % 45 48 11 24 52 46 %46 4 . Enron %4 4 2
Enron A ] 150 4~ P B9 38 B8R . 414 0. 5X10°
SRR, 423X 10° B, % 3 A4 LDA 43 #7)5 M Enron
Hdla g o Rl 4 IR 3R 4 53 5 235024 Enron
Bim 4w fE TURCM, CART,CUT,LCTA &
T EQH M SQ fH » Hrp 4k XA Bk om 45 5 ik Hh
P e DB 8 R 4 53R 5 M2 B il AL
Enron s 5 i e £ B0 100 A SCREE 19 41 XA
Bk 11, EQ 1 SQ HBUHE 43 2k 0. 325 F1 0. 304. i
08 AT R AR SCAR vk B 25 R T (R 28 08k 1 A A
1B, HICH FU5G 3 4k XA B il B iE 1 AR SCO ik
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Table 3 Topics Extracted from Enron

#3 Enron HEEHIEASH

California Gas

Topic Power Transportation Trading Deals
Power Gas Price Meeting
Transmission Energy Market Contract

Word Energy Enron Dollar Report
Calpx Transco Nymex Enron

California Chris Trade Deal

Table 4 The EQ of Various Semantic Community Detection
Algorithms
4 BLRENHREZREEN EQE

Communities TURCM CART CcuUT LCTA

6 0.198 0.152 0.133 0.164
8 0.271 0.249 0.231 0. 239
10 0.339 0.302 0. 266 0.278
12 0.331 0.294 0.278 0.311
14 0.283 0. 255 0.227 0.249

Table 5 The SQ of Various Semantic Community Detection

Algorithms
x5 BRENAREREEN SQE
Communities TURCM CART CUT LCTA
6 0.173 0.122 0.126 0.161
8 0.231 0.226 0. 215 0.208
10 0.281 0. 256 0.233 0. 243
12 0. 31 0.268 0.235 0.279
14 0.261 0.226 0.202 0.215

5.6 WAL
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gEIR

3) FE T ) H A S5 R A AL X R 43 1)
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SR B4k 1% 5 R i A2 W 25 1 o SRR AL 25
KA S 455 1 BEALIE A 505 HE 28 50 3Ll
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R 3 TE] S IR R T SUAE RS Sy 1 S 18] A
8 A R o 1 AT B SO R AT B A 5 2) DAY i X



510

HENMR SR B 2015, 52(2)

2 (] A s 9 £ AR (L D 19 a3 A B B, LY
TR JEE 0T AR A D O AR HE L R AR Y 1Y
T A L R OC AR L ST T SR ) ) A
AR 3 REL I 5 30 AR 416 AL 408 4 0 A AR 1 o 1 S
SR g A ST SCHE X A Xk B B4 Bl AL U B R
W5 O FESL T PP SCHE IR 3 S5 R 1 SQ A,

A SC S 58 3 M 98 TEAE TR 1] B AT TR OC R AR IX
3] 73 ) AR SRR R AR X T 22 i S XK AR 0k
A, AT 45 28T SO 2 I 45 BLAT 5 15
P i SQ AR T EQ Ml & P4 i AL X Kl 7
SR 3 ON AR SCRE Ly B 350 Ak WA R M
BB T SCRE 23 10 2 | 1 SCAE IXHE 77 25 1 5 S 42
PEER X R AW ST 1 A 22 ) 26 HAT — 7 1Y B8
HET-8'

2 % X #

[1] Girvan M, Newman M E J. Community structure in social
networks [J]. Proceedings of National

Academy of Science, 2002, 9(12): 7921-7826

and biological

[2] Newman M E J. Fast algorithm for detecting community
structure in networks [J]. Physical Review E, 2004, 69(6) ;
1-8

[3] Palla G, Derenyi I, Farkas I, et al. Uncovering the
overlapping community structures of complex networks in
nature and society [ J]. Nature, 2005, 435(7043);: 814-818

[4] Shen H, Cheng X, Cai K, et al. Detect overlapping and
hierarchical community structure in networks [J]. Physica
A, 2009, 388(8): 1706-1712

[5] Lancichinetti A, Fortunato S, Kertesz J. Detecting the
overlapping and hierarchical community structure in complex
networks [J]. New Journal of Physics, 2009, 11(3): 1-8

[6] Gregory S. Finding overlapping communities in networks by
label propagation [J]. New Journal of Physics, 2010, 12
(10): 1-9

[7] Jin D, Yang B, Baquero C, et al. A Markov random walk
under constraint for discovering overlapping communities in
complex networks [J]. Journal of Statistical Mechanics:
Theory and Experiment, 2011, 8(5): 1-11

[8] Blei DM, Ng A Y, Jordan MI. Latent Dirichlet allocation
[J]. Journal of Machine Learning Research, 2003, 21(3).
993-1022

[97 Zhang H. Qiu B, Giles C L., et al. An LDA-based
community structure discovery approach for large-scale social
networks [C] /[/Proc of the 7th Conf on Intelligence and
Security Informatics. Piscataway., NJ: IEEE, 2007. 200-207

[10] Kemp C, Tenenbaum ] B, Griffiths T L, et al. Learning

systems of concepts with an infinite relational model [C] //

[11]

(12]

[13]

[14]

[15]

[16]

(171

[18]

(191

[20]

[21]

[22]

[23]

Proc of the 21st Association for the Advancement of Artificial
Intelligence. Palo Alto: AAAI, 2006. 5-13

Henderson K, Eliassi R T. Applying latent Dirichlet
allocation to group discovery in large graphs [ C] //Proc of the
2009 ACM Symp on Applied Computing. New York: ACM,
2009 1456-1461

Henderson K, Eliassi-Rad T, Papadimitriou S, et al.
HCDF: A Hybrid community discovery framework [C] //
10th SIAM Int Conf on Data Mining.
Philadelphia: SDM, 2010 754-765

Zhang H, Giles C L, Foley H C, et al.

Proc of the

Probabilistic
community discovery using hierarchical latent gaussian
mixture model [C] //Proc of the 22nd Association for the
Advancement of Artificial Intelligence. Palo Alto. AAAI,
2007: 663-668

Zhang H, Li W, Wang X, et al. HSN-PAM: Finding
hierarchical probabilistic groups from large-scale networks
[C] //Proc of the 7th Int Conf on Data Mining Workshops.
Piscataway, NJ. IEEE, 2007, 27-32

Steyvers M, Smyth P, Rosen-Zvi M, et al. Probabilistic
author-topic models for information discovery [C] //Proc of
the 10th ACM SIGKDD Int Conf on Knowledge Discovery
and Data Mining. New York: ACM, 2004. 306-315
McCallum A, Corrada EA, Wang X.

networks [J].

Topic and role
discovery in social Computer Science
Department Faculty Publication Series, 2005, 16(3): 1-7
McCallum A, Wang X, Corrada-Emmanuel. A. Topic and
role discovery in social networks with experiments on enron
and academic email [J]. Journal of Artificial Intelligence
Research, 2007, 30(8): 249-272

Zhou D, Manavoglu E, Li J, et al. Probabilistic models for
discovering e-communities [C] //Proc of the 15th Int Conf on
World Wide Web. New York: ACM, 2006 173-182

Cha Y, Cho J. Social-network analysis using topic models
[C] //Proc of the 35th ACM SIGIR Int Conf on Research and
Development in Information Retrieval. New York: ACM,
2012 565-574

Wang X, Mohanty N, McCallum A. Group and topic
discovery from relations and text [C] //Proc of the 3rd Int
Conf of Workshop on Link Discovery. New York: ACM,
2005; 28-35

Pathak N, Delong C, Banerjee A, et al. Social topic models
for community extraction [C] ///Proc of the 2nd SNA-KDD
Conf on Workshop. New York: ACM, 2008 1-8

Mei Q. Cai D. Zhang D, et al. Topic modeling with network
regularization [C] //Proc of the 17th Int Conf on World Wide
Web. New York: ACM, 2008 101-110

Sachan M, Contractor D, Faruquie T, et al. Probabilistic
model for discovering topic based communities in social
networks [C] //Proc of the 20th ACM Int Conf on
New York:

Information and Knowledge Management.

ACM, 2011: 2349-2352



¥ FAH T REMLIEE R E L E S X R 511

[24] Sachan M, Contractor D, Faruquie T A, et al. Using Yang Jing, born in 1962. Professor and
content and interactions for discovering communities in social
networks [C] //Proc of the 21st Int Conf on World Wide

Web. New York: ACM, 2012: 331-340

PhD supervisor at Harbin Engineering
University. Senior member of China
Computer Federation. Her research interest

[25] Yin Z, Cao L, Gu Q, et al. Latent community topic . .
covers database and knowledge engineering,

analysis: Integration of community discovery with topic
. . enterprise intelligence computing (yangjing(@ hrbeu. edu. cn).
modeling [J]. ACM Trans on Intelligent Systems and p g P g (yangjing@

Technology, 2012, 3(4): 1-20
Xie Zhigiang, born in 1962. Postdoctoral

Xin Yu. born in 1987. PhD candidate at at Harbin Engineering University. Professor

Harbin Engineering University. Student at Harbin University of Science and

member of China Computer Federation. Technology. Senior member of China

His main research interest covers database p-4 Computer  Federation. His research
and knowledge engineering, enterprise interest covers enterprise intelligence computing, database
intelligence computing (xinyu(@ hrbeu. edu. cn). and knowledge engineering (xiezhigiang(@ hrbust. edu. cn).

OEVE

AT 2014 AR5 11 W& R A “DTN rp 5L Az i Ui 0 i 40 € 45 1) SR g~ (56 2393-2407 30 — 30, AR
B A% C 2.3, 3 TR 9 A1 2.4 1AL SCHER AR S Bt L M AL S5 T SOk E R ik i fE B BT
JIR AT R 38 I ] (1) o 0 £ ) S A R A LT . W AROR 2 A M (A D 2014,44 (1) 1 149-1577 K¢ AR 58 5
T3 3.1 B3k i T e = 3 B T 0 R SO | I 2% v 7 A SO RV I A B 3 T R =
T 4% 356 1) i SCRR B X 286 v 7= A ) iR SCRI B0, T 1) ) R B0

YL TS 5 K e ) 2 4



