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Abstract Link prediction is a research direction that has attracted much attention in the field of network analysis and mining.
The link prediction algorithm predicts the missing connections in the network, which is actually a process of data mining,and the
inferred possible future connections are related to the development and evolution of the network. Therefore, how to improve the
accuracy of link prediction is a meaningful and challenging research. Based on the latest research on ego network decomposition
and community clustering,a link prediction algorithm (Ego-Embedding) is proposed, which is based on ego network structure
characteristics and network representation learning. Ego-Embedding converts the original network into a persona graph,and then
reconstructs the embedding process by combining the microstructure information and context information of the network,learning
one or more vector representations for each node,so that the vector representation can describe the node information more accu-
rately, thereby improving the accuracy of link prediction. This paper conducts experimental simulations on three public data sets
(Facebook, PPI-Yeast,ca-HepTh) ,and uses AUC as the evaluation index. The experimental results show that the performance of
the algorithm Ego-Embedding is better than the five experimental comparison methods (CN, AA, node2vec, M-NMF, Splitter) ,
and the best link prediction AUC reduces the error by up to 47 %.

Keywords Link prediction, Ego network,Network representation learning.Persona decomposition, Ego-Embedding
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Table 1 Basic statistics of the experimental data sets
#AE % n e c Q
Facebook 4039 88234 0.6055 0. 835
Ca-HepTh 9877 25998 0.4714 0.762
PPI-Yeast 2617 11855 0.3870 0.573
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Table 2 AUC of different parameter values on the Facebook

dataset
q=0.5 q=1.0 q=1.5 q=2.0
p=0.5 0.8901 0.8832 0.8892 0.8812
p=1.0 0.8862 0.8894 0.8935 0.9125
p=1.5 0.8894 0.9067 0.9168 0.9158
p=2.0 0.8933 0.9122 0.9046 0.9234

%3 7F Ca-HepTh $t#i 4 b B AR S HR AUC i
Table 3 AUC of different parameter values on the Ca-HepTh

dataset
q=0.5 q=1.0 q=1.5 q=2.0
p»=0.5 0.9015 0.9031 0.9033 0.9095
p=1.0 0.9127 0.9064 0.9187 0.9213
p=1.5 0.9076 0.9106 0.9151 0.9275
p=2.0 0.9013 0.9122 0.9236 0.9306

# 4 TE PPI-Yeast £ 4E B E A SR AUC i
Table 4 AUC of different parameter values on the PPI-Yeast

dataset
q=0.5 q=1.0 q=1.5 q=2.0
p=0.5 0.9167 0.9288 0.9187 0.9233
p=1.0 0.9189 0.9376 0.9206 0.9315
p=1.5 0.9215 0.9384 0.9358 0.9426
p=2.0 0.9261 0.9409 0.9455 0.9413
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Table 5 AUC of each method on each dataset
Facebook Ca-HepTh PPI-Yeast

CN 0.6861 0.7648 0.8513
AA 0.7661 0.7842 0.8659
Node2vec 0.8229 0.8610 0.9031
M-NMF 0.8327 0.8785 0.9105
Splitter 0.8563 0.9092 0.9187
ego-betweenness 0.8724 0.9023 0.9218
ego-n2v 0.9190 0.9231 0.9402
ego-bridge 0.8601 0.9117 0.9279
Ego-Embedding 0.9234 0.9306 0.9413
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Fig. 5 Community detection before and after persona decomposition
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