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Prediction of protein complex structure: methods and progress
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Abstract: Protein complexes carry out a variety of biological functions, and obtaining the three-dimensional structure
of protein complexes is critical for understanding their functions. In many cases, not only can two proteins interact to
form a protein dimer, but also multiple proteins interact to form a protein multimer. It is difficult and time-consuming
to resolve the structure of protein complexes by experiments. Recently, there have been some attempts and methods to
predict the structure of multimers based on the structure prediction for the monomers. Several groups in the CASP14

competition submitted the prediction of protein complex targets, which mainly included template -based methods or
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protein docking. Later, on the basis of AlphaFold2, researchers developed some end-to-end structure prediction
methods for complexes, which accelerates the study of protein complex structure prediction. However, compared with
the prediction of monomeric protein structure, the accuracy of prediction for protein complex structure is still lower.
This review surveys updated methods and advances in protein complex prediction, including inter-chain residue contact
prediction, protein docking, and end-to-end protein complex structure prediction. Firstly, Al algorithms for protein
structure prediction are briefly introduced, including coevolutionary analysis and protein contact prediction, deep
learning method and protein structure prediction, pretraining model, and protein representation learning. Secondly,
basic methods for predicting interactions between protein complexes are systematically summarized, from the
construction of multiple sequence alignments of the complexes to the prediction of the inter-residue contact between
chains of homologous or heterologous complexes. Finally, basic methods and ideas for protein complex structure
prediction are explored from the viewpoint of interaction sites guiding complex structure prediction, protein molecular
docking algorithm, end-to-end complex structure prediction methods, etc. In order to better predict the structure of
protein complexes, we need to devote our effort to following aspects: 1) constructing protein complexes datasets for
training and evaluation of prediction methods for the structure of multimers, 2) developing efficient algorithms to
improve the prediction accuracy such as MSA paring algorithm and building templates for multi-chain protein
complex, and 3) enlarging databases for protein sequences and structures for better modeling protein complex with
pretraining and self-supervised learning methods. In all, predicting protein complex structure still remains a challenge,
and new methods to improve accuracy will be helpful for analyzing protein functions, designing proteins and drug

discovery.
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