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Evaluating newly generated data by comparing binding motifs
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Generating mono-allelic HLA class | cell lines

Mono-allelic human leuko-
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Immuno-peptidomics: identifying HLA-bound peptides

Immuno-peptidomics was applied to isolate and identify HLA class | bound peptides.
As all cells in each stably transfected population expressed only one HLA allele, all im-
DNA Cancer RNA Cancer

oo st muno-precipitated peptides from a pool of cells were known to be bound to that specif-
| ic HLA allele.

ImmunolD NeXT platform & the neoa ntigen analytlcs engine We examined the similarities and distinctions between both IEDB and mono-allelic derived pub-

lished motifs for the above five HLA class | alleles. For example, our A*02:01 peptides contain a
similar signature at position 4 to mono-allelic motifs. However, we retain the stronger VL pattern
at position 9, indicating a more conserved binding preference. As peptides derived from mo-
no-allelic lines do not require deconvolution and include proteasomal processing, we have in-
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Processing

Antigen Identification
(Phasing, SNV, Indel, Fusion)

Immunogenicity

cessed for antigen identification, including SNVSs, indels,
and fusion events. Collectively, our ImmunolD product
provides a comprehensive assessment of features that
may be used for identifying and ranking potentially im-
munogenic neoantigens.

Prediction models for MHC presentation

Generating high-quality training data

Building accurate prediction models
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We developed and trained neural networks to pre-
dict MHC class | presentation for each assayed
HLA class | allele. Our recent advances in training
data generation, including our mono-allelic MHC
class | cell line generation and immuno-peptidom-
ICS, provide an opportunity to accurately model
MHC-peptide presentation. This new approach to
generating binding data takes into consideration
cleavage and transportation, which are critically
Important for presentation assessment. Leverag-

creased confidence in our newly identified peptide motifs over multi-allelic results.

Assessing the performance of our prediction algorithm
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Conclusions Recall

* ImmunolD NeXT platform generates a comprehensive and
accurate list of candidate neo-antigens.

* Our immuno-peptidomics platform using mono-allelic cell
lines generates high quality training data.
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