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Local community detection algorithm based on the node importance ranking

WU Kaili, CHEN Jingrong "
(School of Mathematics and Physics, Lanzhou Jiaotong University, Lanzhou 730070, Gansu, China)

Abstract: The proposed local community detection algorithm based on node importance ranking ( LCDIR) aimed to address the
limitations of existing community detection algorithms, such as high time complexity, low accuracy, and unstable results. Key nodes
were selected in order of their importance, and initial communities were detected based on node strength and network topology
features. Weak communities were merged by the ratio of internal to external edges and maximizing modularity measure, resulting in
final communities. Experiments were conducted on real and synthetic networks, compared with seven other community detection
algorithms, which demonstrated that the proposed algorithm formed high-quality communities on these networks. It resolved the
issue of inappropriate key node selection in existing local community detection algorithms. The algorithm achieved high modularity
measure and normalized mutual information values, indicating higher accuracy, effectiveness, and better performance compared to
other community detection algorithms, while maintaining low time complexity.
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Table 1 Node importance ranking results

A L P | Koo ey
33 21.23 1 15 17.98 31
29 21.12 2 54 17.94 32
37 21.02 3 52 17.77 33
42 20.89 4 45 17.29 34
41 20.88 5 39 17.24 35

4 20.86 6 50 16.64 36
30 20.48 7 55 16.21 37
58 20.09 8 51 16.12 38
59 19.97 9 53 15.92 39
23 19.66 10 38 15.58 40
48 19.63 11 12 15.10 41

5 19.45 12 18 14.90 42
57 19.43 13 11 13.86 43

6 19.43 14 28 13.77 44

19.43 15 0 12.51 45
34 19.42 16 10 12.44 46
56 19.22 17 14 12.44 47
43 19.08 18 17 12.30 48
47 19.08 19 24 12.10 49
16 19.05 20 8 12.09 50
40 18.87 21 12.09 51
31 18.84 22 13 12.09 52
46 18.83 23 19 12.08 53
35 18.78 24 25 11.93 54
36 18.78 25 22 11.91 55

3 18.68 26 27 11.68 56
32 18.55 27 26 11.5 57
44 18.44 28 20 11.48 58

1 18.25 29 21 11.47 59
49 18.12 30 2 5.55 60




v W P o R s - 5 DR QD A W ol SRS 81

551401

@ @ ®
@®. ®
® &)
2 _ @ @

(a) Bt 15 ALE % T L
67
&)
® ®
()
@9 @®
@ @@ ©
@

(b) b 1i

@ e
@ .o‘.
® 90 ®

@

(o) B miAtIX

(d) B9 AR XA RO 285 v 7

I I P VS EDEN: O S W 2l
Fig.1 Community detection of key nodes

[l 2 i7E Facebook #1528 4% | A% .0 15 st
DX A4 7 B3 T8 Bopt XA 25 5 fr i 1(d) 2
2(a) It FE Ry, R ARG Y ST SR AR, MR TH M B
e B A 47 IR Y AL 47 BB ACH 46,

16 .48 5 43 FEX LR s rh, 7 5 43 1 16 i AR 53T
FEIC, HARAB S B 4E X 3, 148, 43, 37 Fifh
X 4, {4, 5}, TR ALK 5 MK 21 B 48 250
A3 1,77 F000.22, Fr LAY 65 47 I JEFEIX 3,
BE e, v 2K 2(a) ; 4kSE 5 2 K AR 4
XL X HEA T4 R, L2 I 19 SR ok e — A4
DX R I 3 75 B AL XA I 25 5 R (1. {8, 9, 10,
11, 13, 14, 15, 30, 32, 33, 34, 41, 42, 49, 52,
54,56, 57, 58, 59}, 2. {26, 25,27, 17, 18, 51,
50, 53, 55, 23, 19, 20, 21, 22, 28, 29, 24}, 3.
135, 36, 37, 38, 39, 40, 43, 44, 45, 46, 47, 48,

16’ 12’31}’4: %4’5}’5:%09 1’2’ 3’6’7}%’
AL 2(b) .,
@ @ ®
® %
® 9
® 69
2, @0 ®a @
0?8 © %5 ag
©o00® © ‘s D oo
@ .. @5
® © @
® @
() 55— R AN R (o A 25 5
(@)
o®®
@ ® o
® )
® e
® ()
) @0
.o.o o.go e 20 g
®e e® ® ®ae
® @ ". &) @3
. .. @9
o ® © °
® @

(b) ZUHRAR R 1 I 2t KA SE R
K2 Bt A Tt DG o 45 2R

Fig.2 Results of step-by-step implementation of
community testing

FEA IR 4 o e BRI A A L 1
ALK 4. {4, 51 RFFE A IR, S5 8
4 A5 5 A IF ALK 3 I, A I 45 i e A
Ko BAAEXAMZERH R {1, 8,9, 10, 11, 13,
14, 15, 30, 32, 33, 34, 41, 42, 49, 52, 54, 56,
57, 58,59} 2. {24, 29,28, 17, 18, 51, 50, 53,



82 TR VNI S

»e
£

L,
&

(T Ji) 55 %

23, 55,19, 25, 26, 27, 20, 21, 22}; 3. {35, 36,
37, 38, 39,40, 4,5, 43, 44, 45, 46, 47, 48, 16,

12,31} ;4. 10,1,2,3,6, 7,3 Aw&X
R AT R 2 5
@
o®®
@ ® o
e® ®
o 2 @
e._o ©®, @
(@) ®%
e®® © %8 ag ?
o..%. “e® o a0
o 00 ®® o s
® ©® ©
)
® ©

K3 BIEIXE RS
Fig.3 Results after merging communities

23 HESERESH

FH m R M2 8, n R 2811 8L
(k) Fern 2 FR T AT I L ¢ R AP BR 3 i3]
At X%, LCDIR S30A R X 35 A7 8 2R
WFESARE D O (mtn (k)?*) WAL AT A THEIX
R iR 280 O ((mtn) n) S BOAT X 3
frof i BEm I 2 B2 O (nlogn+m+n) , 5 IF 4L
XEFEE AR O (c * n’+c) , XA X5 24 B
ALGERI O(n (k)?) .
3 W KERM
N T K% LCDIR J7 LA B M4 PR e , 18
6 ML RIZK RN T A5 R0 26 FoRAZ R A 7 it
DX ARG 39, A1 $F CNM | InfoMap , LPA | SCAN
louvain, ECES 5.7 \D-LPA 53 i b i Filbr vfE b

HAF B E R AT iR
31 EILMEKRAR

RIS Pl T X 6 A H S W %, 4.
Zachary [ Karate Club ™ 25" dolphins % 2%
Polbooks M 2% . Twitter M %% . Email M 4% . SciMet
R

AR 2 A b 3 R TEAL TG ] I 45 K 28 RAR B
HIMERCANESR 2 0 RARME T S, m
PR RBE , (k) s 4 s -2
FE ki 2N I TR T fi B B /DB Sk RN U2 TR

WHEARRE,
T2 OETLIEHY LM BT
Table 2 Network topology properties of real network

g 2% n m (k) Kin — Kina
Karate Club 34 78 4 1 17
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Table 3 Modularity metric values on a real network
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Table 4 Parameter settings of the synthesis network
] 2 n (k) k¥ B Cun G
LFP-1 500 20 30 5.0 1.2 10 200
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LFP-3 5 000 50 100 2.5 1.5 20 1 000
LFP-4 10 000 100 150 2.5 1.5 50 2 000
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