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Abstract

Scientific topic prediction is central to scientific research and can substantially advance the allocation of
scientific resources. Machine learning and data mining approaches have been widely applied to scientific
topic prediction, including paper content-based topic model and citation prediction models. A novel
scientific topic prediction algorithm PKGM (Poincare keywords graph embedding) was proposed, which
utilized keywords and their relations to build a keyword network, and calculated the distance between
two nodes in this network to predict the probability that an edge existed. The result of comparing
PKGM with seven baselines showed that PKGM obtained a 7.3% improvement by using AUROC and 5.8%
improving by using AP in comparison to the best method in Euclidean space, and 10.8% improvement by
using AUROC and 7.2% improving by using AP over the best approach in hyperbolic space. The results
demonstrated the effectiveness of PKGM.
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