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Abstract

Peptide therapeutics increasingly incorporate non-natural amino acids (NNAAs) to improve their properties, yet current in silico MHC class Il binding
predictors, central to immunogenicity risk assessment, do not account for their chemical diversity. We present a machine learning framework combining
chemical fingerprints with sequence information to predict MHC-II binding for peptides containing both natural (NAA) and non-natural amino acids.
Evaluating 31 molecular representations, we show that peptide-level fingerprints fail due to loss of positional information, while residue-level fingerprints
(direct-encoding and similarity-based) match BLOSUMG62 and one-hot encodings and correctly recover binding cores and canonical motifs. In a citrullination
case study, we observed similar linear correlation across encoding strategies, with residue-level fingerprints showing marginal improvements in quantitative
accuracy. This is consistent with citrulline rarely occupying anchor positions. The framework is compatible with pan-allele architectures (NNAlign /
NetMHClIpan) and extensible to diverse synthetic modifications, supporting immunogenicity risk assessment for emerging peptide therapeutics.
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The Immune Response Results: citrullination case study
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motif validation.
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e paired Wilcoxon vs. BLOSUM62 with
Benjamini-Hochberg FDR correction;

* bootstrap 95% Cls;

* binding-core validation against 15 HLA-DR
peptides with PDB-derived cores;

* sequence logos via Seq2Logo.
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