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Community Discovery Algorithm for Attributed Networks Based on Bipartite Graph Representation

ZHAO Xingwang''? and XUE Jinfang'
1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China
2 Key Laboratory of Computational Intelligence and Chinese Information Processing, Ministry of Education, Shanxi University, Taiyuan 030006,

China

Abstract Community discovery in attributed networks is an important research content in network data analysis. To improve the
accuracy of community discovery,most existing algorithms perform low-dimensional representation of attributed networks by fu-
sing topological and attributed information,and then perform community discovery based on low-dimensional features. Such algo-
rithms, however,are typically based on deep learning models for representation learning, which lack interpretability. Therefore,in
order to improve the accuracy and interpretability of community discovery results, this paper proposes a community discovery al-
gorithm for attributed networks based on bipartite graph representation. Firstly, the topological and attributed information of the
attributed networks are used to calculate the probability of each node serving as a representative point in the network,and a cer-
tain proportion of nodes are chosen as representative points. Secondly,based on the topological structure and node attributes, the
distances of each node to the representative points are calculated to construct a bipartite graph. Finally. based on the bipartite
graph, the result is obtained by using the spectral clustering algorithm for community discovery. Experiments are carried out on
artificial and real attributed networks to compare and analyze the proposed algorithm and the existing algorithms. In terms of
evaluation indices such as normalized mutual information and adjusted rand index,experimental results show that the proposed al-
gorithm outperforms the existing algorithms.

Keywords Attributed networks,Community discovery,Bipartite graph, Fusion
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4.2 EXBMEMLE

PRI 6 A~ 23 FF 1 L 92 B 4R F S 52 06 a0 AT 0 E
Cornell, Texas, Washington #l Wisconsin % 45 ££ 4> 9 & % H
4 AN TR R A B2 R ) B die 4 28 T WebKB [ 45 A $L
AR . BAMEEA EHUR M, A B0 BBk 1703,
RN S KL IR PR R R VU E AR A AL
Terrorist_attack A4 4 /& 1 UMD fy MIND 52 56 % i 45 19 2%
M SO OCE BB 75 .. ZEUREEE 1293 R
i3k 106 4@ e, A BCE A 0 B 1 R IR R R R
PEMAFTEBBRG 35 70 YK R R VIR AR R i O NB-
CR Yy fH AT 5 6 2%, Sinanet [ 45 & M7 IR 63 1 190 3 o
PRI ELA 3490 AN F AT 30282 4S5 R A0 4R 8 BT AT P 56
R BEAS T R R T P 4R 10 dEBUE R M
2 & Mk 2% B AR B 3k 2 Brdl

F 2 HLEMEMNS NGB
Table 2 Information description of real attributed networks

HAEE %4 % JE AN E XA
Cornell 195 567 1703 5
Texas 187 574 1703 5
Washington 230 783 1703 5
Wisconsin 265 938 1703 5
Terrorist_attack 1293 3172 105 6
Sinanet 3490 30282 10 10

AT 4 xR %, AR SAS-LP &
B0 MGAE %5 $:07 ) CPRW-SI % 0% fil AGC 5%
EPT, SAS-LP B R R — R A 09 AR S G R B
Pl T 05 22 T) ) 45 R AE L B2 RD IR M R L FR 4K SR 3 AR
L, A A A 0 M Laplacian centrality 26 B &8, 8 52
B 5 B ¥ B Berahmand 25 42 4t i S AC T8 w19 2 B M.
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MGAE 55 1 55 F B 45 B 45 45 2097 SRR IE 0% I— ol ik
AU HENES MK IER T I E A Sh 4 T
Hh i Ak BB IR AR AE NSRBI B . SR S B
WEMT ELH pBENLEREEN S Z AR
HH10 °, CPRW-SIB NN &G H#E M/ B, 210 T —
Tolt 58 5 19 4 235 B R 5 05 B PR A FE X 2 BRHE 2R . 0 M 4%
R — A B2 &R G, I8 HAh KR T A 2 () 38 L 45
Fo Z SRR B £ B RN BE AL E P A B R B A
HAEH. Sl E N 1. AR T PR T
S0 {5 5 ) CPRW B3k, #) 4G b S m& o ST, AGC 553k /2

— Bl B3 B R P AR ik N IEE S AL B P B E AY A
JIE o B i GNIN R T o B 161 4 R B 4% 22 Ry R 28 45 4 L il i
Beit— A & B 0 P A R X T 8RR A 2 AT A g O . DA 3R
PP MR AR R s o kAT RLE 2 28 N BE R E AT A
B LB iR max_iter=060, £ X1 4R 4 BRI
HEBAT 50 Y, Pk B4 Al X L Bk A B NMIT A
ART P BUEAE A B BT R, S AR S B, B R
P 0 255 1) 45 SR BN T4 0 25 15 BB o B - BUEAE
PRl B de DO, 2B S5 SR Ak 3 FIsk 4 B ol . 15 91 &4 4
w4 R U AR B 45 SR LA A e .

# 3 AR NMI A L
Table 3 NMI performance of different algorithms
Cornell Texas Washington Wisconsin ~ Terrorist_attack Sinanet
SAS-LP & 0.2231 0.1911 0.2148 0.2013 0.0761 0.1160
MGAE & % 0.2099 0.1887 0.2128 0.1954 0.2089 0.2787
CPRW-SI & # 0.1389 0.0516 0.1574 0.1414 0.1930 0.5032
AGC & #* 0.0448 0.0435 0.1186 0.1022 0.2368 0.5657
AR UH * 0.3267  0.3105 0.3830 0.4405 0.3172 0.6557
*4 o AFEER ARTE HLEL
Table 4 ARI performance of different algorithms
S
Cornell Texas Washington Wisconsin ~ Terrorist_attack Sinanet
SAS-LP 4 3% 0.0819 0.1501 0.0863 0.0996 0.0353 0.0621
MGAE # # 0.2969 0.1302 0.2223 0.1668 0.1526 0.2026
CPRW-SI & % 0.0877 0.0944 0.1948 0.1036 0.1632 0.3711
AGC % % 0.0165 0.0165 0.1186 0.1171 0.1547 0.4836
KUK #* 0.3117  0.2555 0.3488 0.3881 0.3367 0.6307

MR 3 R 4 LG I A SOk A A Hod 4 AR
BT HRKE NMIE M AR {H, B4k B G F HAb 4 Fp &3,
SAS-LP FLEHT 4 D EUE 4 L R LF . 7€ Terrorist_at-

tack U HE £E Al Sinanet 045 & F TR 25 X J& AN Terrorist

attack H5 42 FI Sinanet FUHE 42 #8547 76 IR 57 40, R85 2 Ter-
rorist_attack $0HE 58 . AN 37 A1 K i B AT SR 1 — 2k D
33k e B S Ao A T 4B R T AR SR TE R B B AR A
SAS-LP Sk B RE A F AL S BN, |
W TT L T PR AR B A X R 4y B T R L B R AU T
B 1T A 45 R A R O s R A AL DX R 43 o B T ARG ) R
MGAE #3454 848 E R RBBCN R E . R A A
REFP IS B T Pk R 4% b #R AT DL AT R M O AT A X R B
CPRW-ST 83k Ml AGC BILAERT 4 R YR 4 1R — i, 72
Terrorist_attack 5045 5 A1 Sinanet B854 08 F HAth W5 Fh %
FeB s L ] CPRW-SI B Al AGC 5878 J& M W 2% b 7 7
PN A BT T U O A4 X R I, Rk g Rei A&
WA L JC 18 B P 45 2 5 A7 AE RS A, AR SO R R R T 8
RAF 1A siobE 3k 3 I I B R RE S A A b 12 48 10 R SRR B
X &I,

GRIE AXEB T -MBHENELE X ER T E, &
P, BT TR VAT B A 5 0 e 1 B S R0k A R B AR
AR AR R T IME B T 3 AR AR R A
B SR AR 22 A5 ME S, a1 50 O T P ABE R AT B L S B — 5
BT A IR R AR E R EMERITE W A Z AW

IR B T2 5 BT R R IR AR K S PR (R B
AR e R T R R R AT AL X R . SR AR R
B, AR SO ) 5 T 0 I S ) i R % A Xk B IR T
FLI P4 BT B AT S o AR I g A X BB k. SR,
ARSI H T R AR T S A XL TR AR A K R B s
P ) 2 1) o B DX B T
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