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l. Introduction and background ll. Overview of NeoantigenID and ImmunolD NeXT
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V. Modeling MHC-peptide binding and presentation

We modeled both MHC-peptide binding and

resentation using our expanded HLA ligandome.
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neoantigen-based biomarkers. Precision neoantigen discovery entails comprehensive detection of
tumor-specific genomic variants and accurate prediction of MHC presentation of epitopes originating
from such variants. Our ImmunolD NeXT™ Platform enables a comprehensive survey of putative
neoantigens by combining highly sensitive and exome scale DNA and RNA sequencing with advanced
analytics. Here, we present Systematic HLA Epitope Ranking Pan Algorithm (SHERPA™), our
pan-predictive machine learning model for predicting MHC class | presentation and identifying
potentially immunogenic patient-specific neoantigens.

lll. In-house mono-allelicimmunopeptidomics data

A High-quality in-house immunopeptidomics data using mono-allelic cell lines
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The upstream detection of cancer-specific somatic alterations is enabled by ImmunolD NeXT, our platform
to analyze both a tumor and its microenvironment from a single tumor sample and a paired normal. Highly
sensitive and accurate detection of putative neoantigens, and evaluation of their expression using
transcriptome data, is a critical aspect of precision neoantigen discovery.

IV. Expanding the scale and scope of our HLA-ligandome

A Peptide identifications from the expanded set of high-quality mono- and multi-allelic samples

alleles. We developed novel and proprietary
features to model antigen processing, that take
into account the expression of source protein. We
trained pan-allelic prediction models, for both
binding and presentation, using proprietary
algorithms that benefit from the availability of
large training data sets.
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VI. Evaluating the performance of SHERPA

A Performance on 10% held-out data B Pan-allelic prediction capabilities of SHERPA
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Recent advances in immuno-oncology, personalized
immunotherapies in particular, and improvements in mass

this expanded dataset, measured in terms of unique peptide

We have generated high-quality and unambiguous immunopeptidomics data using mono-allelic cell lines.
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To train our algorithms, we generated high-quality and unambiguous training data using approximately
60 genetically engineered mono-allelic K562 cell lines (A). Briefly, MHC-peptide complexes were
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counts, is significantly higher compared to any single dataset
(A). The scope, measured in terms of number of alleles (data
not shown) and binding pocket representation, is also

Additionally, we expanded the scale and scope of our training data using curated public data. Our
pan-allelic prediction algorithms, that model both MHC-peptide binding and presentation using a
combination of standard and novel proprietary features, have a significantly higher positive predictive

immunoprecipitated using W6/32 antibody followed by peptide elution and sequencing using tandem BN A BN C = H Em M T improved. Briefly, we observed a very high degree of value compared to NetMHCPan 4.0. Taken together, the high sensitivity and specificity of SHERPA enables

mass spectrometry. Our alleles, visualized on a clustered heatmap of all known IMGT/HLA alleles based on o aQ ! - W concordance in the diversity of amino-acid representation of precision neoantigen discovery, with applications to the development of personalized immunotherapies
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binding pocket similarity, effectively capture binding pocket diversity (B). The population coverage of our S : y the binding pocket between alleles in our expanded dataset and biomarker discovery.

mono-allelic dataset, estimated using allele frequencies from Allele Frequencies Net Database, is robust
across several ethnic world populations (C).

and the complete set of alleles in IPD-IMGT/HLA Database (B).
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