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Social Knowledge Diffusion on Dynamical Networks in Terms of
Interaction Frequency
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Abstract: The knowledge diffusion process and social network structure are always evolving
simutaneously. By taking into account the interaction frequency which is always used to measure
the social closeness, the social knowledge diffusion (SKD) model for dynamic networks was
presented. In the model, with probability p., the target node would preferentially select one
neighbor node to transfer knowledge according to their interaction frequency instead of the
knowledge distance. Otherwise, with probability 1 — p,the target node would build a new link with
one node in the system randomly. The simulation results show that, comparing with the random
model defined by the random selection mechanism and the traditional knowledge diffusion (TKD)
model driven by knowledge distance, the knowledge will spread more fast and more importantly, the
network structure leads to an assortative one, which is a fundamental feature of social networks.
The work is helpful for deeply understanding the coevolution of the knowledge diffusion and

network structure.

WA B 2016 - 1212

BEWE: FHK ARPHAIEE VI H (61364177, 71371125) 5 b7 73 Uy 24 4 RIS BRI H 5 il B8 2 8 A4 14l
(14SG42)

E—1EE: A WA991 ), BB BFFITI 2 24 k2447 . E-mail : dblg_6@163. com

WEMEE: 58 51975 —) . L, # % WF5E )« 52 24 P %% . E-mail : qiang. guo@usst. edu. cn



26 i TR e R

2017 4 55 39 %

Keywords: knowledge diffusion; interaction frequency; dynamical network

WIL8 R R AR DR S 4R It T — AR Ty
TR T3.2004 47, Cowan S B R AT T M 45 4544
FFIRALHE Z 8] 0 OC 2R, FF H & B/ 5L 254 1 0
LA T Je PR, 2006 4, Palazzolo 55 3 #7141
TULARE I 26 45 0 1 B 45 184k o /8. 2014 4, Liu
STt DA A IR AT R R ) 285 455 g 1 1 A A S [ A
F119. 2015 4%, Luo 26 #F 5% T 2 I B9 3K 3l 1)
ST R 24 S5 A8 3 G T AL ABE TR X BB R A ST
TR AT G R TN £ 2 i K YA AR AR 1Y) R A M R
4. SR BT R0 ) iz Pk B e A
FRYSAR A7) 55 J5 PR o 1R AL 5 T D) 4% 45 A 16 5 i
AT 5 BT XA [A] B2 [l B E i — 25 i F 5%
AT AR SC R T 28 B AR HR AL FE o 2
I 25 P 28 A ) 5

A B R R O N5 N Z [H) 1Y 0% &R R
55,1999 4, Hansen™ #f 7% T 41 23 58 55 56 Z %t 1
PULAE I 2. Pentland ™ DA A 38 H AR 5625 5 1 01
PUBIEIRCR . I B, AATTEE RS B O3S B
REGE A NIAT A E Y BRI 2 A A H AR S R
MNEXRAM—AHEBERE B P AFE KR
1A AT LB AR oA 2 I 2 4544 1 A2 4. Rt AT
DA R 58 AT 2R 2 5 ) H RS 47 R0 1) — 4> E 2
.

2 18 B A8 H RN PGB 0520, AR SCHE
T— 42 UL % 4 A SKD (social knowledge
diffusion) A 5 K1 A% 46 F1 R0 28 25 44 35 A 1) K 5
AL R B BEHL 48 rh s B — A9 SR8 B
PR s SR E . BAR T s LIS p IEARTE 528 fE Y
S SE B AR B AT AR S B R A BOE B
PRT R DA 1 - p 5N TR — RS E 1 AR
AR R I H — AR W .

1 & A

1.1 HESaiREEER

REREPLINZE G & N A1 S E 430 firdl
B —ATC I P4 B — N 8 A — DRI ER
P v, (0) € (0,10). W5 @ 595 85 fA7EiE
WL L5 PRSI R 5 (0) = 1; WHRAY
B EIE  ARIFEEN 0 (0) = 0.5 4 1 54
JETT 87 BT RS H SR P (O E

Pty = —LulD

DV (b

jer;(n

b0 ()RR LA AR S A
i (DFIRTR 15 ) 78 t N2 SRR

TERE— IR AR A 1 5 R H R4
i (O LIFRR R

;) = z;; (-1 +1 (2)

B 1 b iU Rk A R AL B e m,
JAREEART L A — B 48R A e AR B AR
JE T R s ARRARSRJm 5 i B W Ly 3% 05 i
N ETNCREN EI BNV

®’
: B @

@ 2: © (b) WA 2 4% 4 g

- N @ --O0—10©

(a) WIHhHE & WK L1 T }
5 3@

(ONZE-Eohidiavess

Bl HSMiRfEEERRER
Fig.1 Social knowledge diffusion model
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Fig.2 Simulation results by the Random, TKD and SKD models
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Fig.3 Influence of the change of p on the knowledge diffusion and network structure
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