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Abstract Since the semantic social network (SSN) is a new kind of complex networks, the traditional
community detection algorithms depending on the adjacency in social network are not efficient in the
SSN. To solve this problem, an overlapping community structure detecting method on semantic social
networks is proposed based on the local semantic cluster (LSC). Firstly, the algorithm utilizes the
Gibbs sampling method to establish the quantization mapping by which the semantic information in
nodes is changed into the semantic space, with the latent Dirichlet allocation (ILDA) as the semantic
model; Secondly, the algorithm establishes the similarity matrix of SSN, with the relative entropy of
semantic coordinate as the measurement of similarity between nodes; Thirdly, according to the
character of local small-world in social network, the algorithm proposes the S-fitness model which is
the local community structure of SSN, and establishes the LLSC method by the S-fitness model;
Finally, the algorithm proposes the semantic model by which the community structure of SSN is
measured, and the efficiency and feasibility of the algorithm and the semantic modularity are verified

by experimental analysis.
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Fig. 4 The similarity matrix H on QLSP network.
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Fig. 12 The comparison figure of EQ and SQ.
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FAAE D 22 AR B UE T LAY /56 R i A Y
EQ. A VT T 7] 1 s HAT T S0 5 P 9 A X Al 23
R ROR %
5.3 EEHRRABEELESR

AT S8 H BT T AT 28 St DX B A T
1) Sk 25 [ 265 I o 3l 7 45 RAF A8 s 22 o PRLH AR T 5
$o (X LL QLSP Huda 4 i 47 2 il 15 . 41 X & B 28
Mep A X R S R S R GNEL FNEYL LEMEY,
COPRA™, UEOC™, EAGLE™, CPM™, H
LFM,COPRA, UEOC, EAGLE, CPM Jy # & %1 X
KMF T QLSP Bdi H AL — 4> clique 41X

(26,28,41,46,49,52) K i T EAGLE, CPM &
2, 7R SC{U R GNL, EN, LEM, COPRA ., UEOC
BRI TR A B 13 A DL b S BRI A X R A 2
B R SO E S AL AR SQ AEQ
fHANER 1 Fros. DL b2 Bk DUEE 432 5C R LA 3] 43
), AR 1 R EE AT T i SR EQ
8 TAS S0 (0. 523 6) L H SQ B AL T A& Sc
%(0.476 6,0 =0. 92) , B LS HIE T, 1% S0 1H 0] % 42
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Sy IR BRI SQ #AR BT 4] 43 (4 41 X 45 2 5 1 AR X
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Fig. 13 The community results from classical algorithms.

B 13 2SR B A X R 23 &5

Table 1 SQ and EQ of Classical Algorithms
x1 ZHREENSQMEQ E

Method 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
LSC 0.4766 0.5236

504 EXHEELER

ARSI DUV A2 K 2% ArnetMiner & 4t By QLSP
SE B B PE 4 (3L 805 A4-T5 45D, AFD (aminer-foaf-
dataset) R4 (FRHL 2 000 4~ ), CND(citation
network dataset) ¥t 3 ££ (H: 2 555 4~ 45, DBLP
(April 12.2006) ¥4 4 (1 200 000 4> ) H 43 51
HRHL 1500 A5 5 B0 42 0 2 000 AS7 A 8 s S AE
b S K 43 132 /E DBLP(A) Fl DBLP(B). 43 #r
AL S E MBS R, R 2 & FIEX
IR EUR R PATEE R P AR ST LSC Bk s 1T

Table 2 The Results of Classical Algorithms on Various

Datasets
2 BHBEENHITER
DBLP DBLP
Method Measurement QLSP  AFD CND

(A) (B)

EQ 0.31 0.13 0.19 0.28 0.32

GN SQ 0.23 0.16 0.18 0.21 0.28
CS 10 25 39 17 16

EQ 0.42 0.15 0.22 0.32 0. 26

FN SQ 0.32 0.14 0.17 0. 29 0. 25
CS 10 27 37 19 16

EQ 0. 37 0.15 0.24 0.41 0. 36

LFM SQ 0.32 0.13 0.22 0.33 0. 31
CS 12 24 33 22 12

EQ 0.42 0.32 0.11 0. 38 0.41

COPRA SQ 0.29 0.22 0.12 0.29 0.32
CS 13 21 35 21 13

EQ 0. 38 0.23 0. 26 0. 36 0.32

UEOC SQ 0.32 0.22 0.23 0.29 0. 20
CS 12 24 30 22 14

EQ 0.32 0. 24 0. 20 0. 35 0. 30

L.SC SQ 0. 35 0. 26 0. 27 0. 36 0. 37
CS 14 25 34 23 15
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BHCH w=0. 96 (FF 0. 8~1. 2 hEEHLIEF) . % 2 @
5 EQ,SQ F AL X A% CS, B 14 A 15 4350 by 45
L EQ M SQ o Bl th TN IR Y £l Hi 4R 1+t
X G5 F AN [R] S R S (BT 14 RN &L 15 7 7 A 45 5080 4 1)
EQ f1SQ A —F. fE R KB ILM EQ fl SQ *I Ik
oL R 14 g R R R AR S LSC Bk 45 R EQ FR
HET s R4 2 B 15 M E5 R4 8 iE T A 3¢ LSC
S B T SCRE DR 25 SR RS o A IET 14 AL 15
(R B R0 AR T AL B8 4 BB AR S0 LSC Bk
5 A A B SCAE 2 4% () 41 Xk B[R]

0.45
N GN
0.40 ¢ I FN
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Fig. 14 The histogram of EQ under different classical

algorithms.
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Fig. 15 The histogram of SQ under different classical
algorithms.
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5.5 BXHEREME XIS

ARSI 0T B A% 2 T TS R Ak XA B 1
S IX & BLEE . L SOt X & Ak v e
Enron ¥ #i 48 1F 24 52 4% %4 48 4 Enron %48 % &
Enron 2A#] 150 A~ /(1938 B4 . L & 0.5 X
10° %04 423 MB Bfls 2. % 3 W& LDA p i f5
M Enron 4 4 fP i BUR) 4 4105 8L % 4 K S 4
2% Enron #5044 B 7 TURCM, CART, CUT
ALCTA F3E T EQ A K& SQ {8, & Pt XA~ 4k
FORBEEPATATAAE X PSR NFE 4 5K 5 1Y

3 Hr T Enron B4 46 19 e A B0 100 A SCH
ERAE XA B 11, EQ FI SQ HU{H 7351 2 0. 322
A0, 308. 3 1 Xof Al R AR SCR vk A 45 2R T R 2R
S W B AR - ELTC RS B2 800+ XA E . o 36 iE
T AR SR AN [) 28k 0 I e

Table 3 Topics Extracted from Enron

%3 Enron HIEBEWIEIH A

Topic Power Gas 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

x4 BRENHREAEEMN EQE

Communities  TURCM CART CUT 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 S The SQ of Various Semantic Community Detection
Algorithms

x5 BEENHAREAREZEN SQE

Communities ~ TURCM CART CcuT 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 XGRL

AR SR 43 43 5 S BB L SQ A B L 4
BV LR 2B A BT 4 A D5 TE AT AT AR
MRS eI R

1) LSC B RS EIE N o€ (0.8,1.2);

2) SQ Xt F EQ & A VM i Xk X 4] 4y
gEIR

3) TE T W EA I S R A Ak X R 43 1) A,
LSC FHX} F 2 80 5 B 4 X K 35 1 A 4L

4) LSC X TF45 18 St 25 N 45 HAT 3 3k 15 4 5
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R SQ.
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