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Link Prediction Algorithm Based on Word2vec and Particle Swarm
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Abstract There are two major problems in the link prediction: The difficulty of feature extraction and the imbalance
of class data. In this paper, an algorithm based on word vector is proposed by using the deep learning feature extraction
algorithm in text processing and the particle swarm optimization algorithm in the optimization problem. The method
firstly generates a set of node sequences through random walks, and uses the Word2vec algorithm to extract node sequence
features. Then, under the supervised conditions, the particle swarm algorithm was used to filter the extracted features,
and the resampling parameters were determined to solve the imbalance problem of category data. It also analyzes the
computational complexity of different link prediction algorithms. Finally, the algorithm of this paper is compared with
three link prediction algorithms based on similarity, deep learning, and unbalanced data, and empirically studied in four
different time series networks. The results show that the link prediction algorithm proposed in this paper has more

accurate prediction accuracy and is more stable and universal.
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Fig.3 The expression of the solution in PSO
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Table 1  Overview of the data sets used in this article
LETE S o) 2% 7Y 1 UL
Citeseer EXECES 3327 4732
Cora FAEM % 2708 5429
Pubmed FAEM 2% 19717 44 338
(PSS REAAEAS P 25% 65775 266 144
32 ARACLE TN B i SV
Table 2 Similarity link prediction algorithm
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Table 3

Other feature extraction algorithms for complex networks
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Likelihood supervised

machine learning!7!

RBM-DBN link prediction!®!
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Similarity index+

Classical machine learning
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Table 4  Link prediction other processing category imbalance problem algorithm
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5. 4R WK 5.
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Fig.4 Karate network feature extraction
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Table 5 Comparison of the algorithm with other link prediction algorithms
T Citeseer Cora Pubmed Weibo
AUC P AUC P AUC P AUC P
Common neighbor 0.567 0.632 0.616 0.696 0.561  0.669 0.542 0.615
Jaccard’s 0.568 0.651 0.616 0.694 0.564 0.668 0.540 0.618
Adamic Adar 0.675 0.690 0.679 0.711 0.584 0.702 0.559 0.621
Common neighbor 0.656  0.759 0.715 0.784 0.827 0.853 0.687 0.741
Jaccard’s 0.673  0.753 0.524 0.612 0.643 0.781 0.664 0.727
Adamic Adar 0.789 0.731 0.744 0.829 0.687 0.778 0.765 0.854
Common neighbor 0.752  0.857 0.711  0.773 0.781 0.829 0.545 0.628
Jaccard’s 0.861 0.934 0.689 0.746 0.718 0.805 0.712 0.802
Adamic Adar 0.762 0.860 0.797 0.805 0.810 0.865 0.786 0.851
Word2vec-PSO 0.818 0.872 0.801 0.823 0.867 0.913 0.833 0.875
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Fig.5 Time comparison of four link prediction feature

extraction algorithms
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