Design of enhanced binding antigen peptides using
Gaussian process regression
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Background: In biologics drug discovery, one objective is to design and optimize biological therapeutics such as antibodies
and antigen-specific immunotherapies for enhanced binding. A naive way of optimizing protein binding is to mutate protein
residues and determine the difference in binding affinity. This mutagenesis technique is costly and often leads to decreased
affinity mutants. Here, we develop a way to minimize this cost and predict enhanced affinity mutants from minimal prior data.

Methods: Use Gaussian process (GP) regression across residue volume and hydrophobicity to predict mutant peptide-
MHCII binding affinities from a small residue subset
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MHCII-antigen peptide system. We
focus on predicting mutant antigen
binding affinities
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Residue volume and hydrophobicity feature space, with Pearson R2 correlation

GP regression accurately predicts mutant binding affinities

Computational Dataset from FEP calculations
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Residue volume and hydrophobicity are
powerful 2-D descriptors, outperforming
5-D principal components
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Subset size, k

Residue volume and hydrophobicity features achieve similar accuracy to
Blosum62 (n=10 dimensions) and outperform T-scale (n=5 dimensions)

features for small residue subsets
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GP regression-predicted affinity landscapes for (left) a 6-
residue subset and (right) all neutral residues based on an
FEP-computed affinity dataset

Experimental or theoretical
mutant affinity subset:
Yt GIn, Gly, lle, Thr, Trp
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GP regression of
volume, hydrophobicity
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Mutant affinity prediction:
¢ Ala, Asn, Cys, Leu, Met,
Phe, Pro, Ser, Tyr, Val

GP regression workflow, focusing on
affinity prediction of neutral residues

Experimental Dataset from IEDB
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R2 coefficient of determination and errors for prediction of

experimental affinities from the Immune Epitope Database
(IEDB) (n=167 antigen test set with all 20 residue mutations)
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GP regression accuracy increases for buried
residues without competing conformations
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GP regression accuracy improves when applied to point mutations of buried
antigen ‘anchor’ residues and mutant systems that do not undergo MHC-
antigen conformational changes, so-called ‘register-constrained’

Discussion: This GP regression method predicts mutant binding affinities with uncertainty information in real-time across a
visually- and physically-interpretable feature space. This approach is well-suited for active learning workflows where the optimal
mutant residue is predicted and optimized from binding affinity knowledge of a small residue subset.
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