ﬂl Complex Adaptive
Systems Initiative
Arizona State University

Dr. George Poste

Chief Scientist, Complex Adaptive Systems Initiative
and Regents Professor of Health Innovation
Arizona State University
george.poste@asu.edu
www.casi.asu.edu

Presentation:

=y
UGUST 27-31, 2018

6th Annual
o Immuno-Or




Alm 220

Cancer (2017): New Diagnoses 1.68 million; Deaths: 600,920
' A A W . 1L R A A A i A
J Projected Increase in Incidence of 20% by 2020 and 30% by 2030
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wide variation in Rx response rates

- only 20-40% positive responses even in most responsive
malignancies

- even lower percentage of clinically durable responses
(KM-“long tail”)
Improve response rates across all malignancies
management of serious AEs (CRS, autoimmune risk)
will I/O combination regimens increase response rates?
ationale for selection of combination regimens

Improved preclinical models for new I/O agent discovery and
combination testing
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« predisposition alleles

« germline genetics HLA genetics

* inter-patient/ intra-patient

 mutagen burden and
neoantigen profile

* immuno-editing

 local and systemic

innate and adaptive
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* intrinsic and
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[1SK, progression and RXx

« age * gender * thnicity

« environmental risk factors/lifestyle - adiposity « comorbidities

» chronic, subclinical inflammation + selection pressure of prior Rx regimen(s)




Infiltrated-excluded Infiltrated-inflamed Infiltrated-TLS

Blood vesselh\\\ Fibrotic ‘nest’

N\ TAM

Adapted from: M. Binnewies et al. (2018) Nature Med. 24, 541




“Hot”, “Inflamed”, “Immunogenic”

high tumor mutation burden

high tumor-infiltrating CD8* cytotoxic cells

activation of tissue-resident T cells (Tres)

long lived memory T cells (Tem)

high Thl and T17 helper cells

CD21+DCs

high expression of Thl stimulating cytokines

higher expression of TIL checkpoint receptors

M1 phenotype tumor-associated macrophages (TAM)
low Tregs, MDSCs, low TGF-f



detected in CRC, ovary, lung tumors (plus
autoimmune diseases and chronic inflammation)

proliferation of B and T cells
CD21+ dendritic cells in germinal centers

12 gene cytokine gene expression involved in T cell
homing and TLS development

- CCL3,4,5, 8,18 and CXCL 9, 10, 11, 13, 19, 21

- no exnression of CCL1, 20 and 22 involved In
recruitment of Tregs



munogenic”, “Immune Desert”

low mutational anc neoantigen burdens
lov CD8* effector cells
higt Tregs and MDSCs, low Thl

Immunoediting and loss/dow -regulation of neoantigens

iImpaired antigen presentation
- loss/downreaulation of MHC
- JAK 1/2 and B2 microglobin mutations in MHC1

® increased levels of immunosuppressive cytokines
- PTEN loss and increased CCL2, VEGF and reduced T cell infiltration

- -catenin/Wnt mutations and reduced CCL4 chemokine production and dendritic
cell recruitment

® CCR2/CCL2 and M2 phenotype TAMs

® |IPRES (innate P -1 resistance) gene signature
- Immunosuppressive cytokines, EMT-TFs and prc angiogenic factors






The Publish and
Vanish Syndrome

 |ow succes
linic
ncer

From: A. Koch et al. (2018) Nat. Rev. Clin. Oncol. 15, 459
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From: M. Yarchoan et al. (2017) NEJM 377, 2501







enhanced neoantigen expression

defective
DNA Mismatch | icrosatellite
Repair (AMMR) Instahility
and (MSI)
methylation status

TiimMaor

[ utational
Riirden

Clation with responsiveness to ICB

nor svnonvmous single nucleotide variants
Versus i ' '




W Early Stage

W Late Stage

From: D. T. Lee et al. (2017) Science 357, 409
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'RESEARCH

Analytical Validation w——  (Clinical Validation =»

Publicly available Cells derived from

" Clinical Samples
TCGA data human tumors

Samples

|dentify sources of Agree upon creation of a Conduct a retrospective analysis
variability between TMB universal reference standard using patient outcome data
calculated using whole using WES

exome sequencing (WES)
& various targeted panels

clinically meaningful cut-off

ldentify sources of variability o S
values and inform clinical use.

after alignment of TMB scores
from targeted panels to the
reference standard

used in the clinic




tTMB : Double positive
positive

259 natient samnles:

OAK and POPLAR trials
Spearman correlation = 0.64

Tissue only Blood only
(N =230; 25%) (N =242; 26%)

\ /

Shared variants

(N = 675; 59%)

From: D.R. Gandara et al. (2018) Nature Medicine 0134-3




» evolution of sub-tetraploid CNAs and (sub)clonal diversification?
From: C.M. Bielski et al. (2018) Nature Genetics 0165-1
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« arose exclusively in MSl-stable tumors
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11 12 13 14 18 20 Chromosomes

6q21 / 10q112/ 11923.3
FOXO3, PRDM1 6q22 6q23 6G75.1 NCOA4 CBL, ARHGEF12

PTPRK TNFAIP3  ESR1 100223 106233 10qaq 102432 106253
BMPRI1A PTEN  FAS SUFU TCF7L2

From: W. Roh et al. (2017) Sci. Trans. Med. 9, eaah3560







8243 samples from 20 solid tumor types

1 petabyte of genomic data — 50 gigabytes of
structured immunogenomic data

number of neoantigens correlated with mutational load

933,954 expressed nsSNV neoantigens (911,548 unique)
originating from 893,960 somatic point mutations

< 10% derived from driver genes and bulk from
passenger genes

only 24 of the 911,548 unique antigens were shared in at
least 5% patients or more than one cancer type
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Adapted from: S. Turajlic et al. (2017) Lancet Oncology 18, 1009
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Cancer Gene
Other Gene

ATRX, NF1

FAT1, KDM6A, PTEN

ARID1A, BAP1, DDX5, KMT2D, SETDZ2|

CDH1, DDX3X, DNMT1, GNAT1T, INPPL1, KMTZ2B, PIK3R1
PRKDC, TSC2

ARID2, BAK1, BCOR, CASP8, COKN2A, CHD4, CHDS8, CUL48B,
DDR1, DOT1L, FLCN, NCOR1, PARFP1, PMS2, RB1, RBM10,
RECQL4, SGK1, SMAD4, SPOF, TRRAP

ABCC2, ABL1, AKT2, ARAF, ATRIP, AXIN1, B4GALT3, BCORL1
BRCA1, CARD11, CDK12, CDK8, CDKN1B, CHEKZ2, CIC
CNKSR1, COL7A1, CREBBPF, CTNNB1, CUL4A, CYLD, DDB2,
DICER1, DIDO1, EP300, EPHAZ2, ERBB2, ERCC2, ERCCS,
EWSR1, EZH1, FAM129B, FANCDZ2, FANCI, FGFR1, FGFR2,
FH, FOXAT1, GATA2, GPC3, GPS2, HNF1A, HRAS, IDH1, JAK2,
KATE6A, KDM5C, KMT2C, MAN1B1, MAP2K4, MAP3K1,
MAP4K3, MED12, MED23, MYLK, NFKBIA, NOTCH 1
NOTCH3, NPM1, PARP4, PAX5, PDGFRA, PHFE, PIK3R2,
POLD1, POLE, POLQ, PTCH1, PTPRD, RAD51C, RARA,
ANF43, RPA1, RPLS, RPTOR, SETDB1, SMARCA4
SMARCB1, SMARCE1, SOCS1, SASF2, STAG2, STATS,
STK11, TBL1XR1, TBX3, TCEB1, TLK2, TNFAIP3, TPX2,
TRAF3, TRAF7, USP9X
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predicted higher MHC binding
affinities (Net MHCA4,

NetMHCnan-3.0) for splice
variants

higher number o neoantigens
(2-3x) iINn snlice variants than

NsSSN\ neoantigens

elevated expression of PD-1,
PD-L-1 in tumors with higher
splice burden

Adapted from: R. E. Jayasinghe et al. (2018)
Cell Reports 23, 270



e strong-binding neopeptides with MHC-I affinities <500nM associated with
better response rates to ICB in NSCLC and melanoma

 differential agretopicity index (DAI= difference in binding affinities of
wt/mutated peptides) as a potentially superior index of peptide
Immunogenicity than standard single neopeptide-MHC affinity profiling?

A Mutational burden NA burden Mean DAI Clonal mDAI Subclonal mDAI

"01Y p=0676 { p=0.023 L P=0.004 L p=0.039 p=0.466 High

O
<
=
—
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From: E. Ghorani et al. (2018) Annals of Oncology 29, 271-279









® high dimensional phenotyping on an unprecedented scale
— from multiOmics profiling to stringent clinical annotation
— standards: pre-analytical processing, assays, data formats
® daunting level of theoretical ‘large N’ combinatorial interactions

— tumor (sub)clonal heterogeneity, diversity of immune cell subsets,
signaling molecules and intracellular pathways

® linear and nor linear effects in input:output interactions and
biological outcomes

® massive data
— design o experimental protocols to integrate diverse datasets

- data standards and format for data exchange and meta- analysis



® G. Torga and K.J Pienta (2018) JAM£ Oncc . 4, 868

® blood sample cfDNA profiling by Guardant and Personal Genome
Diagnostics Inc. (40 pts)

® concordance achieved in only 35% samples

n|V11_|i1vl|A|Y3n1..11,..1|..|1A|.l.,l.,vl.|.wfi.l
L J b b L] bl L - . .

] ' ' ' ] ) ' 1 T, ' 1 - '
L 4 |

e e I.,lil“!ll- el el Bl el el i e ] e el e e B

e







HRCA CESCCHOL COAD ESCA GBM HNSC KIKH  KIRC KIR®

IHC UAD LUSC MESO OV PRAD P PG PRAD READ SARCSKCM STAD TGCT THCA UCEC UCS N\l

e topo third includes cancers most responsive to ICB
- lung AD, SC; melanoma; kidney (clear and papillary); head-neck; bladder
- uveal melanoma and adrenocortical carcinoma lowest lymphoid fraction (LF)
- glioma subtypes greatest LF range (related to microglia content ?)

From: V. Thorsson et al. (2018) Immunity, 48, 812



Multi—Attractor Landscanes. State Space Occupancies
amd Co-Evolutionary Pathways in Complex Adaptive Systems
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* gene-regulatory networks
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Multi—Attractor Landscanes. State Space Occupancies
and Co-Evolutionary Pathways in Complex Adaptive Systems

Rx-induced shift(s) in landscape topologies

7
:’/

W, state spaces . %~/
X4

——— // //,—

=" — =7

B/

:
* gene-regulatory networks
« functional pathways, modules and signaling network architectures




Understandlng the (Pre) Exhaustlon T CeII Phenotypes

Identif}
Responsivenes




t-SNE Clusters

T Cell Subsets
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Cytotoxic
_>

Component 2

<

CD8" T cell
CD8-C1-LEF1

CD8-C2-CD28
® CD8-C3-CX3CR1
® CD8-C4-GZMK
® CD8-C5-ZNF683
® CD8-C6-LAYN

N= 3,700

<_

Non-exhausted

Adapted from X. Guo et al. (2018) Nat. Med. 24, 479

Component 1

B

Exhausted




Cancer and
desmoplasia

Duct
epithelium

Pancreatic
tissue

B Cancer cells A
B Cancer cells B
B Cancer cells C
B Fibroblasts

O Macrophages
@ Tuft cells

m CD8 T-cells

@ Red blood cells
m Acinar cells

m Ductal cells

Adapted from: R. Moncada et al. (2018) bioRxiv254375



® microdissection and microfluidics capture of double/triplet cells to define state
spaces generated by physical interactions

® profiling from tissue sections

® new automated imaging methods with high (40) multiplex immunofluorescence
analysis of frequency of cell type adjacencies and protein expression

J.C. Boisset et al. (2018) Nat. Methods 15, 547 G. Gut et al. (2018) Science 361, 468



Outgoing

Mast cell
E csnophil
Neutropiul |

Cias1
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From: K. Kveler at al. (2018) Nature Biotechnol
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Adjusted a8

Category added

! Taxonomy
Pathway
Metabolitas
Platelets

B Hormones
g

- Modulators
Ceall courn

Bl snes

Age -

O.B. Bakker et al. (2018) Nature Immunology 19, 776

* 91 cytokine-stimulus pairs in 534
Individuals elicited by 20 pathogens

* 70% heritability









® handicap of ‘static’ snapshot of immune profile in resected tissue
lesions/biopsies versus longitudinal monitoring of dynamic
changes in tumor progression/Rx responses

® how far do blood-based (liquid biopsy) assays mirror
Intra-tumoral events in anatomically dispersed metastases?

— ctDNA and mutanome profiling?
— Immune cell subsets and trafficking?
— cytokine signaling networks?

— exosome species?



Exosomes and Modulation of Immune Functions

lxed Exosomes as a Potential Molecular Profiling Platform
ssess Variation in Immunotherapy Efficacy?




® direct activation of effector T cells by MHC class | and Il complexes on
vesicle membrane

— T cell priming required

— B cell-derived exosomes stimulate primed CD4 T cells but not naive
T cells

® trancfer of tiimor nenantinqens to dendritic cells (DCs) and
stimulation of naive CD4* T cells

® stimulation of pro-inflammatory M1 phenotype in macrophages



exosoma PD-LI suppression of CD8* T cells

decreased production o immunostimulatory molecules

- IL 2,IL-17 and IFN y

Increased levels of immune inhibitory proteins

- TGF-B, IL-10, COX-2

MiR212 induction of reduced MHC Il expression

MiR222, miR494 and M1 to M2 shift in tumor associatec macrophages

immiinonsiinpression of B cells by exosome membrane-associated CD39
and CD73 via production of extracellular adenosine

Impaired differentiation of DCs from bone marrow precursors
enhanced survival of MDSC via activation of STAT3

Inhibitior of NK cells by exosome surface MICA/MICB liquids, TGF-LAG
and induction of inhibitory TGF-
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V. Domenyuk et al. (2017) Nature Sci. Reports 7, 42741
« 1012 exosomes/ml|

« proprietary aptamer oligonucleotide library for capture of diverse
exosome species based on surface ligands

nbiased target identification
GS readout of selective binding
* identify cell-of-origin

rgo



® assessment of Exost™ and ExosUP ratio in tumor
progression and therapeutic efficacy

- baseline before immunotherany
- effect of prio Rx or baseline

- measure dynamic changes in ratio during
iImmunotherapy (and other therapies)

patterns and ratio in R and NR cohorts and/or
adverse events



d reconnition in develonment nf nearly 40 Minimum Information for
Biomedical Investigations (MIBBI)

— https://fairsharing.org/collection/MIBBI

® evolving framework for immune datasets
- Minimal Information for Adaptive Immune Receptor Repertoire
F. Rubelt et al. (2017) Nat. Immunol. 18, 1274

4 journals have different (or no) policies to standardize nomenclature and
access to raw data/analytical computer code(s)



Nature (2017) 544, 3



* possible role of dysbiosis In
creatina chroniec inflammation

Smence

GUT MICROBES = ; ™ and immunosuppressive
AND CANCER 4% B » phenotype

The microbiome influences patient
res p onse to immunotherapy
17 R INd

e |liIMmited insiaoht into the roles of
Aiet Aand microhial metaholites

on cancer risk, progression and
/O RX response

8% - effect of oral antibiotics on 1/O
| efficacy



https://www.aaas.org/file/journalsscience20180105hrjpg

® within and across cancer types

® dramatic expansion in combination trials
— biological rationale for MOAs of the selected agents
— dosing and sequence, duration, toxicity profile

® [imitations of preclinical models for new I/O agent discovery
and evaluation of combination regimens

— rganoids, orthotopic human xenografts



umbers of trials using common combo strategies: :f“”‘
Wi .

Wb o |
1. Anti-CTLA-4 agents: 251 :

2. Chemotherapies: 170

Chemotherapy

3. Radiotherapies: 64 170

4. Anti-VEGFA agents: 43

5. Chemoradiotherapy combos: 42 f o Radiotherapy

From: J. Tang et al. (2018) Annals of Oncology 29, 88




® balancing hype versus hope

® realism of likely time frame (and cost) of major gains in next-
generation I/O therapies

- efficacy within and across malighancies
- combination Rx (current agents)
- 2/3"d generation I/O agents

® societal (cost) and individual (futile Rx) implications of
unrestricted use of first-generation 1/O absent predictive
markers to stratify responder and non-responder cohorts
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Cancer Treatment Cost Value Frameworks for Oncology

AFFORDABLE
CANCER CARE

£ | &
e o>
?@éeg

O-O7

OO0 =

Making Medicines
Affordable

Promoting Value, Affordability, and
Innovation in Cancer Drug Treatment \“

- T Lab

k‘b{ <
P A
Qf «. .

_.. - i -
|

Memorial Sloan Kettering




® JAMA Oncology (2018) 4,326
- analysis of approved I/O agents (2011 to 8/17)

® 23 indications for 6 I/O agents for metastatic solid
tumors

® only 3 gained durable survival bonus points under ASCO
framework






The Urgent Clinical and Economic Imperatives for

Predictive Markers to Differentiate
Responnlnr and NInn_RPaecnnndar Datjents

In Different I/O Regimens

mingle MOoSt Important opportunity
DI0)pharmaceutical Industry In advancing rational

mmunotherapy?

nflf reased JadyCl PICooUlC Ior JC rformance-pased
outcomes and ,()I'rtfflll,lffl .OI'IQIFICJ.

mroective nadustry engagement or reactive
2esponse to payer imposition?
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