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Study on Degree of Node Based Personalized Propagation of Neural Predictions for Social Networks

SHAO Yunfei, SONG You and WANG Baohui

School of Software,Beihang University, Beijing 100191, China
Abstract Graph is an important and fundamental data structure that presents in a wide variety of practical scenarios. With the
rapid development of the Internet in recent years,there has been a huge increase in social network graph data,and the analysis of
this data can be of great help in practical scenarios such as public services and advertising and marketing. There are already quite
a few graph neural network algorithms that can get good results in such problems,but they still have room for improvement,and
in many scenarios where high accuracy is pursued, engineers still want to have algorithms with better performance to choose
from. This paper improves personalized propagation of neural predictions and proposes a new graph neural network algorithm
called degree of node based personalized propagation of neural predictions (DPPNP) that can be used in social graph networks.
Compared to traditional graph neural network algorithms,when the information is propagated between nodes,the proposed algo-
rithm will keep its own information for different nodes in different proportions according to the degree of nodes,so as to improve
the accuracy. Experiments on real datasets show that the proposed algorithm has better performance compared to previous graph

neural network algorithms.

Keywords Graph structure data,Graph neural networks.Graph convolutional neural network,Node classification
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Table 2 Dataset information

Datasets Nodes Edges Classification

Facebook 22470 171002 4

GitHub 37700 289003 2
LastFM Asia 7624 27806 18

(1)Facebook % 4™ #1132 B i Facebook fY 4k 32 I’ 2%
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(2)GitHub g " AR IEE F & GitHub (1 #1328 W
gL Hop AR — AN S B — A B AT 10 RIS PR 1 TF
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(3)LastFM Asia #4541 . 75 2k & SR T 5 1 M 33 Last-
FM A {7 208 428 0 46 . o g — A

— %4 Wl 8 2N JH P B 2R X N — 2R AR B P 2 (R
FROCHE . W RUREAR I A F P B & SR AL TEA R AE 55
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FATE SCHAE A F DPPNP 533 rp 55 717 #0009 B2 ok ) 4%
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B Fh A F (944 B, DPPNP B3L7E DL B 3 A8 4 B AT
WA AT S5 I B, R R VIR AR LI AR 1Y L ]
EH 6:2:2, 0 THENEIRE TG — Al S 8o Fla. 0 HRH
A RAT I AR R Y Bt B2 R 4y BT 20 IRILER . TR
Facebook,GitHub, LastFM Asia $(#E % F S8 45 Rk 3—
F 5yl ol M AL R IE 3 B,

# 3 DPPNP 8 1E Facebook 5448 b B9 45 40 2 i 0 R

Table 3 Accuracy of node classification of DPPNP on Facebook dataset
!
.
0.05 0. 10 0.20 0. 30 0.50 0.75
0.05 0.93940.001 0.94040.002 0.94240.001 0.94140.002 0.941240.001 0.93840.002
0.10 0.94140.001 0.9424+0.001 0.943+0.001 0.94240.001 0.94140.001 0.93840.001
0. 20 0.94240.001 0.94140.001 0.94240.001 0.94240.001 0.94040.001 0.93740.001
0.30 0.94240. 002 0.94240.001 0.94240.001 0.94140.001 0.94040. 001 0.93640.001
0.50 0.94040. 001 0.94040.001 0.9404+0.001 0.939-+0.002 0.937-+0.001 0.93340.001
0.75 0.93640.001 0.93640.002 0.935740.001 0.93440.001 0.932740.001 0.92740.002
% 4 DPPNP B8 GitHub 535 8 b 935 5 40 B e i %
Table 4 Accuracy of node classification of DPPNP on GitHub dataset
!
Ao,
0.05 0. 10 0.20 0.30 0.50 0.75
0.05 0.86840.001 0.87240.001 0.87640.002 0.876+0.002 0.878+0.001 0.878+0.001
0.10 0.87440.002 0.876+0.001 0.878=+0.002 0.878=+0.001 0.879-+0.002 0.879=+0.002
0.20 0.87840.001 0.87940.002 0.87940.001 0.87940.001 0.87940.001 0.881+0.001
0. 30 0.87840.002 0.87940.002 0.880+0.001 0.87940.001 0.880+0.0010 0.881+0.001
0.5 0.87840.001 0.87940. 002 0.88040.001 0.88040.001 0.880+0.001 0.881+0.002
0.75 0.87840.002 0.87940.001 0.87940.001 0.880+0.002 0.880+0.002 0.879=40.001
# 5 DPPNP B 7E LastFM Asia $UI54E b B9 5 40 2 iy
Table 5 Accuracy of node classification of DPPNP on LastEFM Asia dataset
i
e
0.05 0. 10 0.20 0.30 0.50 0.75
0.05 0.85240.002 0.85840.002 0.864740.003 0.862740.002 0.86140.002 0.86140.002
0.10 0.86040.002 0.861+0.002 0.862=+0.003 0.862=+0.002 0.863+0.002 0.863=+0.003
0. 20 0.86340.002 0.8644+0.002 0.866+0.002 0.868+0.002 0.86140.003 0.8624+0.002
0.30 0.86140.002 0.863240.002 0.86140.002 0.86440.002 0.86240.002 0.86140.002
0.50 0.84840.002 0.85640.002 0.86140.003 0.856+0.002 0.85240.003 0.8444+0.003
0.75 0.83640. 002 0.84140.002 0.843740.003 0.84320.002 0.835240.002 0.81720.002

HHE
HHE

(a)Facebook

(b)GitHub

(c) LastFM Asia

€l 3 DPPNP 5355 f 40 2w R

Fig. 3
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PPNP Byk Hefily 1 #E 47 B 1% 26 ME R 00 AL 2 A 20 . e ol
DPPNP 53 Fl PPNP 5332 1) 18 S HOBUE 7 76 R B 78 — A~
Beyne b, R A4k B PPNP B i B I B9 8 580 o B9
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PPNP 535 B 47 1 45 4
4.3 REEZEITLER

kAR DL B 3 A EURAE bW A SCHR T ) DPPNP &
52 M%7 IR, L] DPPNP Bk ILE A1 £
Tl L i A5 TR i 5 ) 4% B0 9 A A 28 0 46 TR L 1 e AR
Z 5 % b SE 8 89 5 £U 5 DeepWalk!'™!, Node2 Vec??,
LINE™'ix 3 A #t A B % L & GCN'T, PPNP'T, Mix-
Hop™™' , ADA-UGNNM 3% 4 Bl [ i 48 9 45 57 9% , %) T &
A FRATT AR U Y B 25 AE LK R A D
IR L AR E XAl B O Gk AT A 2 R T
P 2 ) 45 BB TRATT 9 A U R 4 06 TR 4 L3 4 Y L
He:2:2, HHRHEIEEW XS 4.2 WERmAME, [H
ff . %FF DPPNP % 35 f1 PPNP 53 1, H 8 2 503 i H 4. 2
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Table 6 Accuracy of node classification of different algorithms on

social networks

Algorithms Facebook GitHub LastFM Asia
DPPNP 0.943£0.001 0.881£0.001 0.868%0.002
PPNP 0.942+0.001 0.880+0.001 0.866+0.002

GCN 0.932+0.001 0.864=0.001 0.862+0.002
MixHop 0.940£0.002 0.862+0.001 0.86140.004
ADA-UGNN 0.934+0.004 0.868=0.003 0.82640.006

DeepWalk 0.7592£0.004 0.843+£0.002 0.76240.004

Node2Vec 0.824+0.003 0.843=+0.002 0.783740.004
LINE 0.624+0.006 0.805+£0.003 0.61940.005
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