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Research on BERT -based Academic Collaborator Recommendation
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Abstract ; Academic collaborator recommendation is an effective application of academic big data. However,existing methods ignore the
contextual relationship between academic researchers and research topics, therefore they cannot recommend suitable collaborators. We
propose the BERT-based collaborator recommendation (BACR) , which aims to recommend high—potential collaborators to meet the re-
quirements of researchers. To this end, we design a new recommendation framework , which consists of two basic components; BERT ( bi-
directional encoder representations from transformers) pre—trained language model and logistic regression model (LR). In particular,
BERT jointly represents the researcher and the research topic to obtain a context—dependent feature vector representation on sentence
level. LR takes the feature vector output by BERT as input to obtain the probability that the sample is positive, and finally outputs the in-
formation of the top K collaborators with the largest probability. The comparative experiments with Network Embedding—based SDNE
and TSE algorithms show that the BERT model that fully takes into account the contextual relationship between the researcher and the
research topic gets a better feature vector representation, which improves the accuracy of collaborator recommendation.
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