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Abstract The real world is considered to be composed of many different complex systems. In order to model and analyze the hid-
den rules and functions among individuals in complex systems,the complex system may be abstracted as a complex network com-
posed of nodes and edges. Mining community structures in complex networks has important theoretical significance and practical
value in content recommendation,behavior prediction and disease spread. With the continuous changes of individuals in complex
systems,overlapping nodes appear among multiple communities. How to effectively and accurately mine the overlapping nodes in
communities has brought some challenges. In order to effectively detect the overlapping nodes in the community,an overlapping
community detection method based on rough sets and distance dynamic model (OCDRDD) is proposed in this paper. First of all,
according to the topology of the network.,it selects K core nodes by combining node degree centrality and distance, then initializes
the approximation sets and the boundary region of the community according to the distance ratio relationship. Combined with the
distance dynamic model, the distances between boundary region nodes and the lower approximation set nodes are changed itera-
tively. During each iteration, boundary region nodes that conform to the defined distance ratio relationship are classified into the
lower approximation of the community, and the boundary region nodes are reduced until the optimal overlapping community
structure is found. Finally,the “pseudo” overlapping nodes are processed according to the two rules defined in this paper. NMI
and overlapping module degree EQ are taken as evaluation indexes on real network datasets and LFR Benchmark artificial net-
work datasets. The OCDRDD method is compared with other typical community detection methods in recent years both on real

network datasets and LFR Benchmark artificial network datasets. The experimental results show that OCDRDD method is better
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than other community detection algorithms on the whole. The results show that the proposed algorithm is effective and feasible.
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80

Com puter Science THEHLEL2: Vol. 47,No. 10, Oct. 2020

B 5T 2% P9 2% 1 1 5T, T EL B AT © AL X 54 X T
SV A DT R AR AL T AR AT I HE B

LFR Heofi P 2% B4 A 5 2l B — S S 400, DUAE R R 2
KB =M%, Hh S8 N RREXK W EEE. S8 e Er
TR S8y RN E N SESE B RRAEX K
ING TSR BB e TR BB KBE s mine FRm At K ALY
B e /NS BB maee 3R Ak AL B 0 e R T S B, 1 R
NN RS A KN E B R IR A S8 R A U S A
X B EBAESE T SEEAEX AR E SO, MEET
HIBHSEO, . ACKREESH N=1000,k=10,7=2,8=
1y ke =50, HAB S K0, N mine A maxe 34k X A9 LA K
N RRMG IR G R ITEE O, MO, FREST AL
B 33X 28 SO0 W 26 A il B E A K. O TR X 2 S
BOW BIL R, A k8 41N T M 45 H i 4 L IF H A AUk 28
O, WHEN 2~8, AWM N LTHEKEEENHALIME 2
Jgtee,

Fz2 NLWSBIER L

Table 2 LFR benchmark network datasets
Network N k R ax © maxc minc 0,
LFRI1 1000 10 50 0.1 50 10 100
LFR2 1000 10 50 0.1 50 10 500
LFR3 1000 10 50 0.3 50 10 100
LFR4 1000 10 50 0.3 50 10 500
LFR5 1000 10 50 0.1 100 20 100
LFR6 1000 10 50 0.1 100 20 500
LFR7 1000 10 50 0.3 100 20 100
LFR8 1000 10 50 0.3 100 20 500
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BN A v, €Y LUK N K (1 e, 2575 , o ) B,
B EEHUE S 1 2R 4y JBR T X E WHE A 0.,
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H(Y,|X)= min HY,|X) (19)
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1 K HYLX
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M, T IR X 7R Y BRI & H(XTY),
R e R )5 B9 NMISE ST

_HYIXO+HEXIY)
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4.3 SHEERIWRIE

OCDRDD F.32: 4k XA B0 S 80 K | 9 46 1Y 2192 %) 4 4
DR AN Bk 18 2 5 HE S Bl AN S A v Y 3R 1 S 80 A 1 BRE X [7)
H00.4,0. 6107 AL XGERLAE P BT IERUE « 15 By BUE
REMe>p M at+p=1, 4K «a=0.7,4=0.3, CDRS H ik
A XA S K R 4% 0 B SR A A XA SOk 1k
FE B HURE 82 B B E A BUE N 0. 909, LDC Sk, B it
HH T A RIRD B B PR TR HE R U 2 V0 AR
RrBE B . RFC kP I{E A, WM HES % A4 1 0.8
B 0. 9 B2 M), /R 0. 84 <A, << 0. 94, HirPr A, 1 STk
[8Irh iy B vk sk i o

ARSCHYSEBEREE g« A BE RS Intel (R) Pentium(R) CPU
21170 @1. 8 GHz, NAF 4GB, #:/E 24 5 Windows10 64 bit,
AR ST B 0 G B YO Java, IDE 5% R Eclipse.
4.4 EHERBRNN

1) B 5 9 46 5030 45 0 s 485 51 B 4 A

A SCHE B9 OCDRDD %49 5 CDRS, LinkGrap, DCN,
LDC 1 RFC 83k 7F B35 W 25 H0di 48 L b7k, JF R A EQ
PEA 48 At £ R A G549 SEAT PR . S SR 3k 3 R

3 ALMARIEER EQ X4 R

Table 3 EQ test results on real network datasets
Algorithm Karate Dolphins Polbooks Football Lesmis Polblogs
OCDRDD 0.3715 0.3801 0.4993 0.3585 0.4830 0.2967
CDRS 0.3434 0.3717 0.3777 0.5510 0.4386 0.1400
LinkGraph 0.1612 0.0524 0.0038 0.0327 0.0423 0.0038
DCN 0.3715 0.3787 0.4456 0.3534 0.1102 0.1269
LLDC 0.2469 0.3693 0.4339 0.2415 0.1597 0.0780
RFC 0.3255 0.1869 0.4257 0.5179 0.3469 0.1044

NS A L 8 D 4 A 25 SR ] %0, OCDRDD 45 32 B
T EHYE % Football I EQ it F CDRS % ik fl RFC .7
B EQAM, fEHfh B ST B Hln 48 AR T Ik EQ ., H

DCN L 7E Karate $fi 4 LIRS T /&K EQ . % LW
1, OCDRDD 8534 %1l 43 4 41 DX 5 4 8 T H Ak IX % S5 12 4
X485 4 . R T OCDRDD 12 (194 &4t Al 474



kB4R TORDRE 28 R0 B S 2 A A B Y o B Ak DX B i

81

Bl 3 %5 # T OCDRDD %3 7€ Dolphins 4 4 I 1 % 4
gL W A Y R R B — A A XL SR A R 4 B —
AFEX LA {30,360 WP HE K A B S

e @
% e ©®
XN
~®‘@ U &9 @
@ ./.’.
®o e 0 o
Q..O.
.@. ..

% 3 OCDRDD % #: 7 Dolphins B4 b % %1 23 45 5
(TR F @)

2) N T 2 B0 4m 4 1 1 ik &5 5% 2 43 At

# OCDRDD # #: 5%k X % Bl 8 ¥ CDRS, LDC #1 DCN
TE LR BRB Y 8 N TRCHE A AT I, PP 6 8 b R Bl
HEJE B bR E B A B NMI, WK 25 U A 4 B /R L 1 dofg Ak b
FKRBE O, N2 BUEEF] 8. YA k5h NMI {H.

ME 4 55K R BB S8 mincsmaxcsp,O, FO,, 1Y
B G E R E R, EEW AR DR L A X
B /NE R, M HAB A, OCDRDD % ¥ & LFR1—LFR5
AR L NMI (H AR LB e, BB T34 sk R 78
LFR6—LFRS ¥ ¥ % b . LDC 5 ¥ 2 7 1Y ¥ X 45 #  4-
OCDRDD 57 8 IR R ALK F LDC 553, Rk, AR 45 o ik
DX 11 HARE /N S [] 52 2% I 2 0 AS () LE 81 1Y) T8 0 AR R R
Kot . A SCEE A5 OCDRDD Bk ik b g e . HEH H

Fig. 3 Classification results of OCDRDD algorithm on Dolphin
2 .
dataset Rtk
10 10 10 10
09 o T 09
oy
: g
08 /.,//‘_'\/\ ) 08 [* WL g SELL
~ ~ ~ ~
S o7 S o7 S 07 S
06 st~ \\/\ 06 <V
«wwnr OCDRDD i OCDRDD «wwn OCDRDD “wwnr OCDRDD
05 == CDRS 05 —e— CDRS 05 —e— CDRS 04 —e— CDRS
=+ LDC =+ LDC =+ LDC =+ LDC
DCN DCN DCN 03 DCN
04 04 04
2 3 4 5 6 7 8 2 3 4 5 6 7 8 2 3 4 5 6 7 8 2 3 4 5 6 7 8
On On On O

(¢) NMT results on LFR3 (d)NMI results on LFR4

10 09
09 fou 08
08

N 07

2 06
05 !

- OCDRDD[| %[ [ OCDRDD <wwe OCDRDD
o —e— CDRS —e— CDRS —e— CDRS
- =+ LDC 03 =+ LDC 03 =+ LDC
DCN DCN DCN
03 : z 02 02
2 3 4 5 6 7 8 2 3 4 5 6 7 8 2 3 4 5 6 7 8
On On On

(e) NMI results on LFR5 () NMI results on LFR6

(g) NMI results on LFR7

(h) NMT results on LFR8

B4 ANTHdE g% Eiko NMIE
Fig. 4 NMI results on LFRs

HIRIE AR T — Rl oM R A F PR B S AL Y
HEA X AR . ZR ORI R E O PR R R
WK AL R T AZRE BT 8, 500 T 2 SR BE S L
(B SR BB U6 At DT BL4E L SR 5 S AU AL BRI S A 5 . 25
5 3 25 A1 B 285 A A i SRS a5 S T A B R B A 1Y
1A RE A Uk AR T S S BE 8 HE RO AR R 30 SR A
B A R4 BIAE DR I RUSE P DLG /N R SRS L
PR RENESE XS, Ra R ESE Y A, T
N T TR 2% 8000 5 R S5 0 4 Al A b 0 S o 45 SR SR T L AR A
T HAthF X & B 1, OCDRDD # ik A B AT/, #
e FATTHG I — 25 W 50 5 0 405 v i T Sl AN B B 0 B S 4L X
e BLIR)

2 % x o

[1] COSCIA M,GIANNOTTI F,PEDRESCHI D. A classification

for community discovery methods in complex networks[ ] ]. Sta-

tistical Analysis & Data Mining the Asa Data Science Journal.
2011,4(5):512-546.

[2] KELLEY S,GOLDBERG M,MAGDON-ISMAIL M,et al. Defi-
ning and discovering communities in social networks[ M] //
Thai M T,Pardalos P M. Handbook of Optimization in Complex
Network. New York: Springer,2012:139-168.

[3] CUI W,XIAO Y,WANG H,et al. Local search of communities
in large graphs[C]// ACM SIGMOD International Conference
on Management. 2014:991-1002.

[4] XIE J,KELLEY S,SZYMANSKI B K. Overlapping community
detection in networks: the State of the Art and Comparative
Study[J]. ACM Computing Surveys.2011,45(4) ;1-35.,

[5] BAI X,YANG P,SHI X.et al. An overlapping community de-
tection algorithm based on density peaks[]]. Neurocomputing,
2016,226.:7-15.

[6] ZHOU X,LIU Y,WANG J,et al. A density based link cluste-

ring algorithm for overlapping community detection in networks



82

Com puter Science

TFEPLEE Vol. 47, No. 10, Oct. 2020

7]

[8]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[JJ. Physica A Statistical Mechanics & Tts Applications, 2017,
486:65-78.

SUN H,LIU J,HUANG J,et al. A link-based label propagation
algorithm for overlapping community detection in networks[ J].
Computational Intelligence,2016,33(2):308-331.

WU H,GAO L,DONG J,et al. Detecting overlapping protein
complexes by rough-fuzzy clustering in protein-protein interac-
tion networks[ J]. Plos One,2013,9(3):e91856.

SUN Z,WANG B,SHENG J,et al. Overlapping community de-
tection based on information dynamics[ ]J]. IEEE Access, 2018,
6:70919-70934.

SHAO J,HAN Z,YANG Q,et al. Community detection based
on distance dynamics[ C]// Proceedings of the 21th ACM SIGK-
DD International Conference on Knowledge Discovery and Data
Mining. 2015:1075-1084.

CHEN L,ZHANG J,CAI L J. Overlapping community detection
based on link graph using distance dynamics[ ] ]. International
Journal of Modern Physics B,2017,32(3) :1850015.

PAWLAK Z. Rough sets [ J]. International Journal of Computer &.
Information Sciences,1982,11(5) :341-356.

ZHANG Y,WU B, LIU Y.et al. A novel community detection
method based on rough set K-means[]]. Journal of Electronics &
Information Technology,2017,39(4).770-777.

DWYER T. Visual analysis of network centralities[ C] // Pro-
ceedings of Asia-Pacific Symposium on Information Visualiza-
tion (APVIS 2006). 2006:189-197.

HENNIG C,HAUSDORF B. Design of dissimilarity measures:a
new dissimilarity between species distribution areas[ C] // Data
Science and Classification. Berlin: Springer,2006:29-37.
HUANG L,WANG G,WANG Y,et al. A link density cluste-
ring algorithm based on automatically selecting density peaks for
overlapping community detection[ ] ]. International Journal of
Modern Physics B,2016,30(24) :15.

DING J,HE X,YUAN J,et al. Community detection by propa-
gating the label of center[ J]. Physica A: Statistical Mechanics
and its Applications,2018,503:675-686.

NEWMAN M. Network data [EB/OLJ. [2013-04-19]. http://
www personal. umich. edu/~mejn/netdata/.
LANCICHINETTI A,FORTUNATO S.Community detection
algorithms: A comparative analysis [ ] ]. Physical Review E,
2009,80(5):056117.

ZACHARY W. Information-flow model for conflict and fission

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

in small groups[ J]. Journal of Anthropological Research,1977,
33:452-473.

LUSSEAU D,SCHNEIDER K,BOISSEAU O, et al. The bottle-
nose dolphin community of Doubtful Sound features a large pro-
portion of long-lasting associations [ J]. Behavioral Ecology &
Sociobiology,2003,54(4) :396-405.

KREBS V. Books about US Politics [EB/OL]. http://www.
orgnet. com/.

GIRVAN M,NEWMAN M E J. Community structure in social
and biological networks[ EB/OL]. http://arxiv. org/abs/cond-
mat/0112110/.

ADAMIC L A, GLANCE N. The political blogosphere and the
2004 US Election[ C] // Proceedings of the WWW-2005 Work-
shop on the Weblogging Ecosystem. 2005.

KNUTH D E. The stanford graphBase: A platform for combina-
torial computing[ M. Addison-Wesley,1993.

ZHU M,MENG F R,ZHOU Y. Density-based link clustering
algorithm for overlapping community detection[ ] ]. Journal of
Computer Research and Development. , 2013, 50 (12): 2520-
2530.

LANCICHINETTI A.FORTUNATO S,KERTESZ J. Detec-
ting the overlapping and hierarchical community structure in
complex networks[ J]. New Journal of Physics, 2009, 11(3):
033015.

NICOSIA V,MANGIONI G,CARCHIOLO V,et al. Extending
modularity definition for directed graphs with overlapping com-
munities[ OLJ. https://wenku. baidu. com/view/f1432a2d0066
£5335a81219b. html.

ZHANG Qin, born in 1995, postgra-
duate,is a member of China Computer
Federation. Her main research interests
include database technology and data

mining.

CHEN Hong-mei, born in 1971, Ph.D.
professor, Ph.D supervisor,is a member
of China Computer Federation. Her
main research interests include granular
calculation, rough sets and intelligent

information processing.





