Mono-allelicimmunopeptidomics data from 109 MHC alleles reveals variability in binding preferences and improves
neoantigen prediction algorithm
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|. Introduction

lll.Immunopeptidomics data overview (continued)

3A. Binding pocket clustering

3B. Peptide motif clustering
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We clustered the 109 profiled MHC alleles

VI. Model interpretability

Using SHERPA's pan-allelic capability, we explored MHC bind-
6A. Peptide residue variability

ing trends across the entire space of observed MHC alleles.
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1. Generation of immunopeptiomics training data
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IV. SHERPA model and performance
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highlight that peptide motifs are shared
across MHC genes and suggest that amino
acids within the MHC binding pocket have
variable importances to peptide binding.

In addition to the 109 mono-allelic cell
lines used for the SHERPA-MONO-Binding
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algorithm, SHERPA-Binding increases gen-
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Finally, we performed predictions with
SHERPA across millions of synthetic bind-
ing pockets and peptides to elucidate the
impact of MHC variability on peptide diver-
sity. We generated a feature impact score
for each MHC binding pocket residue, iden-
tifying positions 22 and 23 of the binding

6B. Influence of amino acids in binding pocket
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To generate the data, we stably and transiently transfected a total of 109 different MHC alleles (43 HLA-A, é% § . able immunopeptidomics data and bind- 6C. Amino acid frequencies in 34-mer binding pocket =. oD Correlation between amino acid
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zymatic activity of proteasomal cleavage, we observed an enrichment of lysine and arginine on the C-ter-
minal end of the peptides across all alleles. We also show that peptides associated with HLA-A alleles were
the longest, followed by HLA-B and HLA-C respectively (Figure 2).

2. Peptide length distribution across all alleles

The positive predictive value (PPV) of SHERPA was markedly higher than either NetMHCPan 4.1° or MHCFlurry-2.0°
(1.45 and 1.58-fold increase, respectively) (Figure 4A), with even further gains when only the 37 previously unpro-
filed alleles were considered (1.51 and 1.79-fold increase, respectively) (Figure 4B).

V. Immunogenicity performance

Though SHERPA's performance on mono-allelic im-
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Interestingly, we found a strong correlation between binding pocket positions that highly influence pep-
tide binding and those that are highly diverse across the space of all MHC alleles, suggesting that influen-
tial residues experience the strongest divergent evolutionary pressure (Figures 6C & 6D).

VIl. Conclusions
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