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Mechanisms: protein-protein binding
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Aim: build models of immune interactions
from available protein data



The statistical learning approach

Restricted Boltzmann Machines (RBMs)
(Smolensky 1986, Hinton 2002, Tubiana et al. 2019)

Hidden units




Predicting antigen presentation

Restricted Boltzmann Machines (RBMs)
(Smolensky 1986, Hinton 2002, Tubiana et al. 2019)
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Predicting antigen presentation

Restricted Boltzmann Machines (RBMs)
(Smolensky 1986, Hinton 2002, Tubiana et al. 2019)
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Predicting antigen presentation

Restricted Boltzmann Machines (RBMs)
(Smolensky 1986, Hinton 2002, Tubiana et al. 2019)
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RBM low-dim. representation

Restricted Boltzmann Machines (RBMs)
(Smolensky 1986, Hinton 2002, Tubiana et al. 2019)
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Prediction of HLA specificity

Trained using a few HLA annotations

Accurate prediction
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B. Bravi, J. Tubiana, S. Cocco, R. Monasson, T. Mora, A.M. Walczak, RBM-MHC: a semi-supervised machine-learning
method for sample-specific prediction of antigen presentation by HLA-I alleles, Cell Systems (2021)



Antigen immunogenicity

Presentation alone is not immunogenicity!

Presentation on HLA
Antigen
C P

Killer T cells

T-cell receptor

Only a fraction of HLA-presented antigens are immunogenic (promote a T cell response).
Immunogenicity prediction: still low success rate (wells et al. 2020, Buckley et al. 2022)



Transfer learning with ‘differential’ units

background RBM
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captures background constraints
(binding affinity to HLA)

B. Bravi, A. Di Gioacchino, J. Fernandez-de-Cossio-Diaz, A.M. Walczak, T. Mora, S. Cocco, R. Monasson, pre-print Biorxiv
2022.12.06.519259v1 (2022)



Transfer learning with ‘differential’ units

differential RBM units
background REM (GHREM unis)
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(RBM-MHC, Bravi et al. 2021)

captures background constraints captures differences
(binding affinity to HLA) (patterns of immunogenicity)

B. Bravi, A. Di Gioacchino, J. Fernandez-de-Cossio-Diaz, A.M. Walczak, T. Mora, S. Cocco, R. Monasson, pre-print Biorxiv
2022.12.06.519259v1 (2022)



Transfer learning with ‘differential’ units
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2022.12.06.519259v1 (2022)



Contact positions in resolved
structures:

HLA-A*02:01 CMV peptide NLVPMVATV
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I Peptide residues in contact with TCR & HLA
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HLA-A"02:01-specific peptides
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Constraints on statistics of immunogenic
antigens should reflect contacts



Contact positions in resolved Model prediction:
structures:

diffRBM architecture

background RBM
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ral interpretation

HLA-A*02:01-specific peptides

Peptide-TCR contacts
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DiffRBM identifies positions 4-8 as the most relevant to immunogenicity
without restricting a priori the input sequences to a subset of positions

Comparison: independent-site models
based purely amino acid (AA) frequency



T cell response specificity
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Bravi et al., PLoS Comput. Biol. (2021)
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T cell response specificity

Bravi et al., PLoS Comput. Biol. (2021)
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T cell response specificity

Neoantigen Bravi et al., PLoS Comput. Biol. (2021)
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T cell response specificity

Bravi et al., PLoS Comput. Biol. (2021)

We want a summary metric of these convergence in amino acid patterns
Dissimilarity Index:
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(CDR3-only version of TCRdist from Dash et al 2017)




T cell response specificity

Bravi et al., PLoS Comput. Biol. (2021)
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We consider: neoantigen-specific TCRs from PBMCs,

tetramer-sorted TCRs specific to viral epitopes (e.g. M1)
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T cell response specificity

Bravi et al., PLoS Comput. Biol. (2021)
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Immunoediting in pancreatic cancer

Large-scale study on immunoediting in PDAC
conducted by Vinod Balachandran, Benjamin Greenbaum,
Marta tuksza, Zachary Sethna, Luis Rojas, Jayon Lihm and others
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tuksza* , Sethna*, Rojas*, Lihm, Bravi et al., Nature (2022)



Immunoediting in pancreatic cancer

Large-scale study on immunoediting in PDAC
conducted by Vinod Balachandran, Benjamin Greenbaum,
Marta tuksza, Zachary Sethna, Luis Rojas, Jayon Lihm and others
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Statistical learning approach based on Restricted
Boltzmann Machines

@ Amino acid patterns — scores of molecular specificity
(Antigen presentation, immunogenicity, T cell response)



Statistical learning approach based on Restricted
Boltzmann Machines

@ Amino acid patterns — scores of molecular specificity
(Antigen presentation, immunogenicity, T cell response)

@ Transfer-learning approach extracts biologically
interpretable features on immunogenicity
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