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Abstract Overlapping community detection is a key and difficult issue in complex network research field. Due to the
widespread hierarchical structures in real networks,the hierarchical overlapping community detection methods are more
suitable for studying and analyzing complex networks in the real world. However, these researches of this kind of meth-
od are not many now. This paper proposed a new overlapping community detection algorithm named following-degree
tree based on the definition of complex network node leadership and subordination concept. Combined with the
hierarchical characteristic, this algorithm constructs the following-degree tree by calculating the following degree of eve-
ry nodes and finally finds the overlapping nodes and overlapping communities by dividing the tree. The feasibility of the
algorithm was proved by an artificial network experiment,and its effectiveness was verified by the experiments on Dol-

phin network and Karate network. The proposed algorithm has high extended modularity and more reasonable division,

which can find overlapping nodes that other algorithms cannot find.
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d(v;) <d(u) v EN,

MR F M THRERFE TR GG THAMT SR,
PRBL T 2 S ALY AR R R . R JE F B

TR A I R B L B TR TT RE A A PR S A, S
Moo AR TS E L AN BN, Fln, E58 47
AT TN T M G S L(v) =8, 1 T REL(v,),
LCo) s LCo) RFEEF Lo I A5 o R g B T95 48
Vs vy s e 1 v R AL v BN JE B RN e AT 3k
IFi) 408 J AU AE T 8 o, BT 4B JE R BT o5 E e, B E S
) FIR:

0w =9 =)
F(u; vy =] (d(@) (3
0, H A

2.3 HEiR#k
L[ SRS ACE 0o »0) VIS E L MINJE B F E&
RN b, A9 48 D B A U B S A A vk, Bkl
3K, MBI 1 -5 3 iR,
BEx 1 O HE LGOMFGyav)
BT M4 G={V.E}
i LG Flviavy)
1. foreach (v, €V)
2. return d(v;) ;
3. foreach (v, € V,v,€ V)
4. if (a;==1
5. List{Node) N;. add(v;) ;
6. foreach (v, €V, v;€N))
7. if (d(vp)=d(v)
8

d(viav) = 2 aj,ay, ;
vENNN
9. return L(Vi):ZS(V|ij) 5
10. foreach (vi€V, vyEV)

1. i (LG =Lv))

12. return F(v;,v;);
13. else
14. return 0.

Hik2 @ MNEER T
HAHE 1 BRI LR MY G L) Flv,vy)
B ih s R T
1. foreach (v, € V.v,;EV)
2. Fra (v) =max(F(vi,vj)) s
. foreach (F (v)
T. root=min(F,, (v,));

List{T. node) TN. add(T. root) ;

3

4

5

6. while(T. node. count<Cn)
7 foreach(v;€ V,v;€ TN)

8 if (max(F(v;,v)))

9 T. root=v;;

10. T. root. child. add(v;);

11. TN. add(v;) ;

12. return T.
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2. C.add(T);
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3. delete(min(F(v;,T. root ). edge) ;
4. delete(min(F(v,,T. root)));
5. T is divided to T, , Ty
6. C. delete(T);
7. C.add(Ty);
8. C.add(Ty);
9. if(min(F(v;,T. root)) ==F(v,,T. root) ==F(v,,T. root))
10. ON. add(T. root) ;
11.  T.root=T,. root; (R E R 3)
12. T. root="Ts. root; (&% 3) B2 G HAREH

Fig. 2 Following-degree tree of Gy

13. return C,ON.
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Fig. 1 Artificial network G,
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Fig. 3 G is divided into 3 communities
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Dolphin Social Network #1 Karate Club Network J& & ¢
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FHAEASFE A 9 AR TS 5 23 BROR R i 4L . Dolphin Social
Network #: [ 73 2 5 7346 0 21 ) B & 15 s U0 3% 1 Fr g,

# 1 Dolphin [ % #1711t %1 43 45

Table 1 Division results of Dolphin social network communities
Ea el il &
. k EQ1 oy
#HE S A
2 0.5 0.3577 Grin, Web 7,19,39
Grin, Web, 7,19,39,0,
3 0.4 0.4469 -
Topless 8,20,36,44,61
_ Grin, Web. 7,19,39,0,
4 0.3 0.5010

Topless, Kringel 8,20,36,44,61
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PR BB {§ EQ (an extended measure of quality of
modularity) J& T 2 # A1 ) 43 45 5 09 3F A0 45 b5 L B 3 A
O~1 (8RR UL B S MM . EQ ME XN () B «

_ 1 1 _did;
EQ= 2m ,Z,: 0.0, (4, 2m
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i EQ T4 Dolphin [ 45 41 Il 4> iy 25 R n & 1 fi gl .
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AFEE 3 AR 4 AT 0 EQ H ¥ £ A 4k B A A 1 4R
SUBVEUETE 0.3 B 0.7 Z ). FERIST R 3 A4 4 A4k
P E 5 DA Ja B B B8 12 15 3 19 EQ fH 0. 4469 F1 0. 5010 KF Xie
A5 NAR B ¥ JE AR 2 15 6 B 75 (Speaker-listener Label Propa-
gation Algorithm,SLPA)* 55| EQ {4 0. 4358, Ui B ) J&
JE ARG R 43 T S 4 A ROCR B . JEad LAE Dolphin W 4%
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H Topless, 3% 36 W] T M JE BB 550 B 6% 4% B H AL S 1 R e &
PR EE B L 1 4 T R 20 R HARIE Y 5 . AE MR A
B, A 20 X4k Bl Grin Fl4k B Topless [ M J& B {H 4 K
3/10, 5 20 BAEFE AT b 16,38 A1 50 J& T 4L H Grin; 18,
28 F1 47 J& F AL Topless; 8,36 1 44 Jy Grin Hl Topless
ST,

%2 ARIAE R4 Dolphin W% 15 8 1 & 27 5
Table 2 Overlapping nodes of different algorithms by dividing

)6(C; ,C;) 4)

Dolphin social network

B B HE BGLL-CONA ELC
7.19,39,0, 7,19,39,0,8., 7,39.36,44,
8.36,20,44,61 36,3,59,2,28 61,28,30,50,47

18

47

- c 0
B4 5 20 RGBT A
Fig.4 Node 20 and its neighbor nodes

WA JE R 0 BGLL-CONA B fE kR BLE S 5 7,19,
39.0,8,36, M LAY 0,8,19 X 3 77 A ELC Ik k
M. BAh BB B ELC B k6 Kk LT &5 4 44,
61,1 BGLL-CONA A & BX B4~ &,

5.2 Karate 2L 18

I BE AR B K1) 2 Karete 45 41 1 A 25 SR A& 5 B .
MR BER BB Karate W45 5045 3 A4k B, #6883 75 4
1, QS BN WA A B B — A KA L 00 A A
WSS Karate 9 24 14 52 BR k] 45 44 58 4 — B0, X FE KL
BT DT AR B 9 Rl Ak 1T 1 B

</

(a) SEBRAL A 451 (b) WS B2 A 4 43 45 4

Kl 5 Karate M 254t A %1 2

Fig.5 Karate network community division

M JE BERE S IS8k WU D 3 B IR R 5 IE 5 12 (Clus-
ter Percolation Method, CPM) ™ %f Karate [ % it 1 3 %45 5 40
F 3G, CPM B TEZ WA 1M 32, HREERT WA
10 #1112, 552 Fr a1 45 #4940 LE o R0 43 19 4 7 45 4 R 2 4k
G, WBEREEEA ZRTALRB T ES R 15
WAk A 45 0 7 Sy 3 o L R oy 25 SRR F CPM Y &1 43 45
MR BE R B 5 CPM #B4% Karate B 25 %1 43 4 3 A # 141, 4B
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Table 3 Division results of Karate network communities
it 7l B FE CPM
1 1.6,7 1,5,6,7,11,17

1,2,3.4,8,9,13,14,15,16
1,2,3,4,5,8,11,12,13,14
2 18,19,20,21,22,23,24,27

17,18,20,22
28,29,30,31,32,33,34

9,10,15,16,19,21,23,24
3 25,26,27,28,29.30,31,32
33,34

25,26,32

F A G T B JE R % CPM Fl Infomap-CONA 7£
Karate %5 il Dolphin W 4% | #5286 %t kb, Hiip CN R 4
FR 43480, CR R BB 8 R UN R R ERT S
A LA L AR oAk BORE [ A R  AJE BE SR Y CR
A UN #8453 8400 T CPM, Infomap-CONA 7E Dolphin M # |
RIT 6 A4k H, Hoh A — RN AL WA T AN I
SEAL A 2Z B /A P AL T 8 7,19,28,30, A TR K
2 SR, FRAT A SR A B Ak B S5 L X R /N A
] 5 4 1) S B 7 SR K
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