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* biomedical big data explosion * needs for precise analysis
> “._.exceeds researchers’ ability » BD2K initiative ($656 mil)
to capitalize..” (NIH) > PM initiative ($215 mil)

BIOMEDICAL BIG DATA EXPLOSION THE PRECISION MEDICINE INITIATIVE

NIH National Center for Biotechnology Information
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Al/machine learning boom in biomedicine
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Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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x AlphaGo (DeepMind) x TPU (Google)
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iTunes: identification of Tumor neoantigens
from NGS data



n Background and Significant '
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Background and Significant

Identify potential
neoantigens

Create
synthetic vaccine
(RNA, DNA, peptide)

Minimal or Long-term survival i ;
* % ﬁ no clinical benefit — with no clinical benefit ‘ Clolosl benolk \
Lo —
A . B E % % % c L N
1500 : 1500 Ll L.l . Provide in combination
= o ) 800 | with adjuvant and
g ' I . . checkpoint blockade
é ' 600
£ 1000 5 1000 : : 3
S : 8 i [ < Identify potential
E g - . & a0 neoantigens
c £ . o N
o] @ . o]
S 500 S 500 g
: 2 ~ .
- 200 |
- H Induce or expand
“ neoantigen
0 0. 0 A specific T cells
Mutation Neoantigen 50 100 250 500 Nofiltering  Passed Passed
load load HLA binding affinity threshold (nM) TCGA  RNA-seq

filtering filtering

Provide in combination
checkpoint blockade

Science, 2015



n Background and Significant '

Neoantigens Represent Ideal Tumor Targets

NEOANTIGENS ARE FUNDAMENTAL
TO IMMUNE CHECKPOINT ACTIVITY

(van Rooij et al 2013, Gubin et al 2014, Rizvi et al 2015)
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Background and Significant

Cancer vaccine
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n Background and Significant '
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e Materials and Methods '

Gene fusion formation

transcription
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e Materials and Methods
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Binding Peptide
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Similarity between mutant peptides and normal peptides

Peptide MHC-I binding affinity

Briefings in Bioinformatics, 2015
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Materials and Methods

~Peptide binding angle

a Peptide binding register—  +

TCR

CDR loop
{ flexibility r 3 a

.. e
5 m\-rm«w'. hv\vfi\fln\\\ ,,.qﬁ- Paitide=
@ W o\ o\ MHC

Residue-focused Tolerance of
TCR engagement amino acid

W

peptide 1 peptide 2

‘ ~.I‘¢Ig '/ \OAWQ VT AV A
_v “! N\ URE (R

sequence similarity

Tcell
proliferation

Positive costimulation

similar immunogenicity

Sequence similarity-based T cell recognition probability

Nature Reviews Immunology, 2012



Mean hydrophobicity Mean hydrophobicity

Mean hydrophobicity

e Materials and Methods
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