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Abstract Academic network is a kind of dynamic heterogeneous information network. Community detection on the academic net-
work can dig out the communities of academic subjects and discover the insights contained in the community structure. The exis-
ting community detection algorithms ignore the dynamics of the academic network and the special relationship between academic
subjects and do not optimize the closeness of the academic community and the relationship between academic communities. This
paper proposes a community detection algorithm called DANE-CD based on dynamic academic network representation learning.
Firstly,an autoencoder is adopted to represent the academic subject in the academic network. Secondly, the clustering optimization
based on modularity and team faultlines is innovatively integrated into the representation learning process. Finally,a dynamic aca-
demic network representation model is constructed based on the stacked autoencoder, together with the completion of community
detection in the dynamic academic network. Extensive experiments on two real-world academic datasets (DBLP and HEP-TH)

demonstrate that DANE-CD is superior to the baseline methods and can detect the academic communities effectively.

Keywords Academic network,Dynamic network, Community detection, Heterogeneous network,Clustering optimization
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Fig.1 Framework of DANE-CD
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Table 1  Directions and venues of DBLP dataset

Directions Venues

Data mining andinformation retrieval
(DM-IR)
Database (DB)

Natural language processing (NLP)

KDD, SIGIR

SIGMOD, VLDB,ICDE
ACL,EMNLP,NAACL

Computer vision (CV) CVPR,ICCV,ECCV
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Table 2 Statistic of DBLP dataset

DBLP-1 DBLP-1I
Snapshots (number of years) 2009—2013(5) 2014—2018(5)
Number of author nodes 23657 35931
Number of paper nodes 15422 20155
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Table 3 Statistic of HEP-TH dataset

HEP-TH-1 HEP-TH-II
Snapshots (number of years) 1992—1997(6) 1998 —2003(6)
Number of author nodes 6732 6632
Number of paper nodes 9948 8955
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Table 4 Experiment results on DBLP-I dataset

Accuracy NMI Q
Louvain — 0.469 0. 545
metapath2vec 0. 898 0.530 0.213
dyngraph2vecAERNN 0.933 0.589 0.248
DANE-CD 0.942 0.719 0.464
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Table 5 Experiment results on DBLP-II dataset
Accuracy NMI Q

Louvain - 0.566 0.622

metapath2vec 0.928 0.653 0.318

dyngraph2vecAERNN 0.939 0.687 0. 341

DANE-CD 0.964 0.791 0.554
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Table 6 Experiment results on HEP-TH-I dataset
Accuracy NMI Q
Louvain — 0.313 0. 498
metapath2vec 0.853 0.469 0.173
dyngraph2vecAERNN 0. 898 0.541 0. 264
DANE-CD 0.934 0.662 0.482
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Table 7 Experiment results on HEP-TH-II dataset

Accuracy NMI Q
Louvain — 0.262 0.516
metapath2vec 0. 824 0.436 0.152
dyngraph2vec AERNN 0.867 0.478 0.234
DANE-CD 0.923 0.626 0.473
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Fig. 3 Parameter adjustments on DBLP-1I
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Fig.4 Parameter adjustments on HEP-TH-I
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Table 8 Results of running time

DBLP-1 HEP-TH-1
Louvain 0.503 0.091
metapath2vec 263.78 51.43
dyngraph2vecAERNN 482.17 97.68
DANE-CD 619.62 133. 24
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