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Heterogeneous Network Link Prediction Model Based on Supervised Learning
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Abstract The research on traditional heterogeneous network link prediction has path-predicted algorithm and MPBP (meta-path
feature-based backpPropagation neural network model) algorithm based on the metapath supervised learning. However, they
can’t make full use of the rich information provided by heterogeneous network to make link prediction. Based on the traditional
supervised learning algorithm, this paper first designs the HLE-T (heterogeneous link entropy with time) algorithm in order to
increase the link entropy and time dynamic information. Moreover, it constructs the MSLP (modified supervised link prediction)
model of the Supervised learning algorithm with the multi-classification problem by the numerical segment of the link strength
and weak relationship.and finally completes the experimental test under four data sets with different density. The experimental
results show that the MSLP model improves the link prediction performance in heterogeneous network to some extent,and has

some reference significance for the future link prediction research.
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Fig.1 Academic network link prediction
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Table 4 Precision@20 comparison of different learning algorithms

K D, D, Ds Dy
PathPredict 19 18 18 19
MPBP 17 18 19 19
MLSP 19 19 19 19
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Table 5 Precision@100 comparison of different learning algorithms
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PathPredict 76 76 70 64
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MLSP 77 76 73 62
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