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Abstract

Temporal networks can more accurately describe the interaction order between network nodes.
In this paper, we propose a node similarity-based temporal path aggregation method to identify
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the importance of temporal network nodes, the specific idea is that when aggregating the neigh-
bor information of temporal paths to assess the importance of the target node, the neighbor nodes
with higher similarity to the target node have higher influence. At the same time, by introducing
attenuation factors to distinguish the information weights of neighbors with different temporal
path lengths, the node similarity coefficient and attenuation factors are fused to construct a node
similarity-based temporal information aggregation model to measure the importance of target
nodes. The experimental results on two empirical network datasets show that the Kendall corre-
lation coefficient of this paper’s method is improved by up to 13.85% compared with the classical
method. This result indicates that the introduction of node similarity factor can effectively neigh-
bor information to assess the importance of temporal network nodes.
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Table 1. The temporal distance between nodes in Figure 1 temporal network

% 1. B 1R RSP & S B R FEE R

RS 1 2 3 4
1 0 2 3 1
2 o0 0 o0 2
3 3 o0 0 o
4 1 2 3 0

2.3, TR iEts

231 BESEROMN

FR A A0y (static degree centrality, SDC) WA AT A S2MA 75 B AR AT & A AT ¢ [2] . 15 i
A ERZ , 1% SRR L koA AT MRS RN V|- R R T LA E A AN B EE iR
e KAH

@)

DOI: 10.12677/0rf.2024.141055 592 BE 51


https://doi.org/10.12677/orf.2024.141055

2.32. BSHHEEE P
HREAIE [ 2 0 M (static eigenvector centrality, SEC)IA A A5 Y B B AN AURIAT & I BCR G o<, M Hik

AR JE 1T R BT R [3]
X = CAX x=[x1,x2,---,xM] 2)

Hordr, x FRoRARFEHE M B KA (E R R R E R B o X R T e | S B,
2.4. Salton ¥ S 1B 4EFEER
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ISy . R I I S R R B e R 9 . R IRF
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o, n BRI RAE R RIREE, BUZE ST S R R R n AR fG)FRT | LS
(V. Dy A BE B IR RRAE R, 45 u TS v A BRI, D, (uv) =1, RZAETE u 5T
VIEH RS, WD, (uv)=0. g AIET ARG, o Lt B A n B AL R A E
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3. EFHmMArEaEtEE SR ERE

FE FIRA) TIG B, X575 sl RSB JE BT 5 BRI, RAFIMR RECREN S A ENER,
MG AN RSB JE R T R SRR B 22 5, AR RO F A RS BRI T ARg B . bR b, A
AR AT S oS 59 R B BRI AN A, DRI E AN R 25 R, 4 RE S RIS e PR 2% 19 i I L SE R L . T RALL
FE, ASO TIG BEAL R SRATT fl & 55 B AR i 1 ek, 2t 7 T SRORE ALY PR vk 145 B SR AR A
T (similarity temporal information gathering, STIG).

% J8 BT RUE] BRI R S, Y R IR R RV, R RN RAR MR R RS B, Mg
TAFPRERE, X3 AR EAS B EmEZ R, PRI A SCE I #E Salton 5 fUHBUE$5
b, KRR T RRLE AR RE RS, HARGN N s

S, (u,v)=s, xD;(u,v) (5)
Forr, s, 7R 51 u AT AT v Y Salton AHAULYE, Dy AR FREESHEARAERE, S, (u,v) Fan i u s j AR s
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Figure 1. Example of temporal network modeling based on the node similarity approach
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Table 2. Basic statistical features of empirical networks

2. SLIEMEERG I

Network N E T
FB-FORUM 899 33720 165
HYPERTEXT 2009 113 20818 59
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Figure 2. In the FB-FORUM dataset, the Kendall correlation coefficients 7 of the STIG model of this paper and the
TIG model
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Figure 3. In the HYPERTEXT 2009 dataset, the Kendall correlation coefficients z of the STIG model of this paper
and the TIG model
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