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Abstract: This paper addresses the problem of community detection in dynamic social networks and propo-
ses a Social Network Overlapping Node Mining Model (SNONMM) , and aims at the efficient detection of
overlapping communities in dynamic social networks. The model combines the Label Propagation Algo-
rithm (LPA) and the Spreading Activation principle to achieve efficient detection of overlapping communi-
ties in dynamic social networks. In this approach, new nodes have a greater chance of spreading their la-
bels to other nodes in the social network than that of old nodes, making new nodes more easily discovered

and incorporated into their respective communities. At the same time, activation values are introduced to
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represent the propagation strength of each label, which helps to more accurately capture changes in com-
munity structure. To validate the effectiveness of the proposed method, its performance was evaluated u-
sing two real-world datasets and a synthetic network. Experimental results demonstrate that the proposed
method outperforms other available methods in terms of community detection accuracy.

Key words: dynamic social networks; community detection; label propagation algorithm; diffusion activa-

tion
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Input: G=((V, E)

Output; WG: weighted graph

Method:

.for eache m in E

.set w(e_m)=1

. end for each

.fori: =1 tondo

1
2
3
4
5. Choose node v randomly
6. Calculate score for neighbors of v
7. best_neighbor=select_best_neighbor(neighbor_scores)
8. if best_neighbor exists then
9. Update edge weight between v and best_neighbor based on Eq. (3)
10. Update activation values of v and best_neighbor based on Eq. (2)
11. end if
12. end for
13. for each node v in V do
14. for each neighbor u of v do
15.  Normalize edge weight between v and u
16. end for each
17. end for
18. WG=G(V, E)
Bk 2 R E Spreading Activation (G () THE T S M EIGE. B NN S H# — 48 Un-
FiredNodeSet (254, SRJFMRIE ) BEAR S8 R 47 08, NI A rp 3 O a0, IR e T a9 B0 (8,
RS (AR T B E 8% UnFiredNodeSet %5,
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i% 2 Spreading Activation (G(t), new nodes)

Input: G(V, E)
Output: G(V+, E)

M
1
2
3
4
o.
6
7
8
9

10
11

12.
13.
14.
15.

ethod:

. for each node v in V do

. Create empty set UnfiredNodeSet
. Add v to UnFiredNodeSet

. Neighbors=v. ObtainNbs()

Add Neighbors to UnFiredNodeSet

. while UnFiredNodeSet is not empty do
. Extract nv from UnFiredNodeSet
. Compute nv. label. activation_value

. If nv. label. activation_value<lthreshold

. continue

. end if

Neighbors=nv. ObtainNbs()

Add Neighbors to UnFiredNodeSet
end while

end for

B 3 TP AR AL #E. B oilad ShuffleOrder bR KRS T SR 5 KUHZ AL HESI L 9 A3 A 5 Fe Hh 3ok
Fe— A AR T AR 8L R ObtainNbsO SR ISCT SR AR JEAE & 3895 /. GetLabelsO bR £t
BRI O E R — DR A, QIR IR AR A BRI AR A . SRS, SRR R 7 R R AR A AR
H B (B R KB — DR 2. e s MM BRIOS (B AR A AR A, JF AR 48 AR 28 00 1 ) AR DU S BOHE [X.

FRA

H

Input; SG:{14_1:<V_15 E_l)a 14_2:<V_29 E_2>s o

%3 SNONMM &k

Output; set of communities of SG

Method:

1
2
3
4
5.
6
7
8
9

10
11
//

. Initialize communities

.for ts=1: T do // ts stands for timestamp
. for each node v in SG do

. Node(v). label=wv

Node(v). label. activation_value=1

. end for
. Initialize G (¢s)
. end for

. Initialize deltaV

L AV={v]v EV(ts)}.3
Jorts=1. T do
Part 2. Edge Weighting

12. WERW-KpathEdgeWeighting (G (¢s)) or SBIDMEdgeWeighting (G (¢s))

//
//
13

end Part 2
Part 3: Spreading Activation
. Spreading Activation (G (zs))

sy L n=V n, E n)}, T
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// end Part 3

// Part 4 label propagation

14. ChangedNodes={u, v | (u, v)EE (t5s)}

15. V_old={vlv€GUs) Nv &G s+ 1)}

16. ChangedNodes=ChangedNodes-V_old

17. for it=1. IT do // it means iteration

18. ChangedNodes. ShuffleOrder()

19. for i=1: ChangedNodes. count do

20. Receiver=ChangedNodes(i)

21. Senders= ChangedNodes(i). ObtainNbs()

22. Candidatel.abels= Senders. Getl.abels()

23. Receiver. update(Candidatel.abels. TheMostActivationValuel.abel)

24. end for

25. end for

26. Remove Nodes(i) labels with activation value<<r

27. Update communities

28. Update SG

// end Part 4

29. end for
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