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Author’s Academic Behavior Prediction Based on Heterogeneous Network Representation Learning

HUANG Li',ZHU Yan' and L1 Chun-ping®
1 School of Computing and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756 ,China

2 School of Software, Tsinghua University,Beijing 100091, China

Abstract The author’s academic behavior prediction aims to mine the behavioral relationships of authors from heterogeneous ac-
ademic networks to promote scientific research cooperation and produce high-level and high-quality research results. Most of the
existing methods of node representation learning do not consider the semantic feature, content feature, global structure of the
node,etc. It is difficult to effectively learn the low-dimensional characteristics of the node in the network. In order to effectively
integrate the multi-dimensional features and global structure of nodes,a heterogeneous network representation learning method
(HNEMA) that integrates BiILSTM, attention mechanism and clustering algorithm is proposed to improve the predictive effect of
author’s academic behavior. HNEMA first integrates the multi-dimensional features of nodes based on BiLSTM and attention
mechanism,aggregates the same type of neighbors on the same meta-path or different meta-paths,and then aggregates the multi-
dimensional features of all neighbors of the node to be characterized. Based on this.a clustering algorithm is used to capture the
global features of the node,so as to comprehensively and effectively learn the low-dimensional characteristics of the node. On the
basis of comprehensive feature learning, logistic regression classifier is used to predict author’s academic behavior. Validation ex-
periments on three public datasets show that HNEMA has a certain degree of improvement in AUC and F1 indicators compared

to other methods.

Keywords Heterogeneous network, Network representation learning, Link prediction, Meta-path
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Table 1 Dataset statistics information
Vi V2 ACM
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Table 2 Cooperation prediction experiment results

Algorithm V1€2011) V2(2002) ACM(2014)

AUC F1 AUC F1 AUC F1
Deepwalk 0. 794 0.272 0.766 0.488 0.821 0.471
Metapath2vec 0.770 0.679 0.745 0.653 0.727 0.649
HHNE 0.698 0.503 0.674 0.498 0.692 0.524
SHNE 0.812 0.642 0.695 0. 606 0.687 0.579
HetGNN 0.799 0.675 0.793 0.634 0.818 0.671
HNEMA 0.852 0.750 0.784 0.666 0.831 0.679
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Table 3 Citation prediction experiment results

Algorithm V1(2011) V2(2002) ACM(2014)

AUC F1 AUC F1 AUC F1
Deepwalk 0.724 0.433 0.791 0.614 0. 834 0. 640
Metapath2vec 0.624 0. 684 0.742 0. 687 0.771 0.701
HHNE 0.707 0.573 0.688 0. 587 0.739 0.651
SHNE 0.799 0.691 0.687 0.635 0.775 0.693
HetGNN 0. 829 0.740 0.803 0.691 0.841 0.744
HNEMA 0. 857 0.774 0.804 0.692 0.868 0.778
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Table 4 Participant prediction experiment results

Algorithm V1(2011) V2(2002) ACM(2014)

AUC F1 AUC F1 AUC F1
Deepwalk 0.643  0.345 0.821  0.628 0.902 0.801
Metapath2vec 0.627 0.524 0.894 0.725 0.887 0.741
HHNE 0.608 0.387 0.618 0.494  0.664  0.570
SHNE 0.722 0.496  0.749  0.642  0.872  0.757
HetGNN 0.786  0.559  0.826 0.706 0.889  0.801
HNEMA 0.817 0.623 0.900 0.773 0.938 0.827

3 RTINS 5 25 SRR U, BT HNEMA A9 5209 W 25 45 fiE
AR W ERF T RE. Bl fEEH SEENEE
KA L AUCHK T 1% ~15. 4%, F1 3K T 0. 8% ~
47.8%.,
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Table 5 Venue recommended experimental results in V1
Algorithm R@3 R@5 P@3 P@5 F1@3 F1@5
Deepwalk 0.267 0.431 0.122 0.117 0.167 0.184
Node2vec 0.428 0.545 0.186 0.145 0.259 0.229
MP2ec 0.206 0.311 0.095 0.088 0.131 0.137
HHNE 0.293 0.456 0.133 0.123 0.183 0.194
SHNE 0.421 0.578 0.189 0.157 0.262 0.247
HetGNN 0.648 0. 750 0.282 0.201 0.393 0.317
HNEMA 0. 659 0.771 0.287 0.207 0. 400 0.323
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Fig. 4 Hyperparameters analysis experiments
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