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Abstract: The study of multitype protein-protein interactions (PPIs) is the basis for understanding biological processes
and revealing disease mechanisms from a systematic perspective. Existing prediction methods for multiple types of PPIs,
such as GNN-PPI and PIPR, show a considerable decline in test accuracy when the breadth- and depth-first searches are
used to divide data sets. Therefore, this paper proposes a new multitype PPI prediction method (GDP) based on the
Doc2vec method and graph convolutional neural network technology, which does not need to rely on the physical and
biological properties of proteins. Moreover, the method only uses sequence information to encode proteins and com-
bines the network structure information to conduct characteristic protein polymerization for developing PPI information
to perform multitype prediction. Experimental results show that this method can effectively improve the prediction ac-
curacy of multiple type PPIs in real data with different scales, especially in PPI between new proteins that have not been
previously observed in the training set.
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