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we are close to the finalization...of the beginning
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Translational Discovery in Peripheral T-Cell Lymphomas

Targeted agents In vitro drug response
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3 years of progress

Wu et al. Cancer Cell 2015

Crescenzo et al. Cancer Cell 2015
Townsend et al. Cancer Cell 2016

Yoda et al. Nature Medicine 2016
Dunford et al. Nature Genetics 2017
Horwitz et al. Blood 2018

Murakami and Weinstock. Nature 2018
Buchner et al. Cell 2018

Ng et al. Nature Communications 2018 (in press)
Ng et al. Blood 2018 (in press)
Intlekofer et al. Nature 2018 (in press)



Cutting edge in genomics-based drug selection

NCI-MATCH interim
Analysis results May 2016

. Cases with samples submitted (739)
. Cases for which labs were able to complete tumor testing (645)

|| Cases with a mutation matching one of ten available treatment arms (56)

. Patients matching specific eligibility criteria for and assigned to
a treatment arm (33)

. Patients who entered a treatment arm (16)

Letai. Nature Med 2017



Personalized Medicine for Cancer: Personalized Medicine for Infectious
Genetic Testing Disease: Antibiotic Susceptibility
" Testing

Highly successful for some cancers

Highly successful across a wide
but unavailable for most ety

range of organisms and drugs

Letai et al. Nat. Med. (2017); . . .
Vivek Prasad, Nature. (2016); PrOIIferathn IS d

Friedman et al. Nat. Rev. Cancer (2015) functional biomarker



Vulnerability screening to define targets
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Targeting both MDM2 and MDMX

p53 SUPPRESSION IN CANCER CELLS p53 REACTIVATION BY ALRN-6924

ALEN-6024

Nugheus

Aileron Therapeutics



Patient-derived xenografts to model human cancer

; Model characterization % ﬁ I j> 1 ?
- : 47 i ™ Therapeutic
PDX model generated s Tmelrcells ' trials

Tumour biopsy frozen
Freely accessible

central repository

Murakami and Weinstock, Nature 2017
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Defining biomarkers, toxicity and resistance
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Enabling Research on Human Cancer
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B-ALL
AUL
BPDCN
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Many, many people and especially Giorgio Inghirami
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Public Repository of Xenografts (www.PRoXe.org)
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Public Repository of Xenografts (www.PRoXe.org)
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CBTL-81777; Disseminated hepatosplenic T-cell ymphoma

81777 SP % BW
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Raphael Koch, Noriaki Yoshida, Amanda Christie, Kay Shigemori



WCTL-81162; Subcutaneous Alk+ anaplastic large cell lymphoma

81162 Tumor % BW
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Note: 1 ALRN-treated mouse was found dead on day 3, no obvious toxicity, cause of death unknown

Raphael Koch, Noriaki Yoshida, Amanda Christie, Kay Shigemori



DFTL-78024; Disseminated angioimmunoblastic T-cell lymphoma
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Raphael Koch, Noriaki Yoshida, Amanda Christie, Kay Shigemori



DFTL-22685; Cutaneous T-cell lymphoma/Sezary
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Raphael Koch, Noriaki Yoshida, Amanda Christie, Kay Shigemori



DFTL-28776; Disseminated T-cell prolymphocytic leukemia

28776 SP % BW
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Stapled peptide against MDM2/MDM4 — patients #1 and #2

Oct 22, 2015: Pre-Dose, 2.1 mg/kg May 2, 2016: Cycle 6

PRE (8/11/16) POST 2 CYCLES (10/07/16)
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Start with low-hanging fruit: highly targetable
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Ng et al. Nature Commun 2018 (in press)




Start with low-hanging fruit: JAK2 fusions
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CTLA4-CD28 and ICOS-CD28 fusions co-opt checkpoint

signaling

CTLA4-CD28 fusion LCK
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el
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Ipilimumab blocks CTLA4-CD28-mediated transformation

Ratio to day O
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PERSPECTIVE

VOLUME 23 | NUMBER 9 | SEPTEMBER 2017

nature,, .
medicine

Functional precision cancer medicine—moving beyond
pure genomics

Anthony Letai
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medicine
Functional precision cancer medicine—moving beyond
pure genomics

Anthony Letai

NATURE REVIEWS | CANCER

OPINION

Targeting minimal residual disease:
a path to cure?

Marlise R. Luskin, Mark A. Murakami, Scott R. Manalis and David M. Weinstock



Defining therapeutic vulnerabilities using functional approaches

Requirements

1. Rapid and precise
2. Small sample size from blood or fine needle aspirate

3. Single cell resolution

Scott Manalis, PhD
Koch Institute/MIT



Change in mass indicates drug effect
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Suspended microchannel resonator (SMR)
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time
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Suspended microchannel resonator (SMR) in array

cantilever mass
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Cermak et al. Nat Biotech 2016



Serial SMR




Testing multiple drugs in leukemia samples

Delay channels
|

v v v v v

O O O O O O O @ O O Mark Murakami, MD

Cells travel across array >
ANBL-6.WT C Cell* —— d Cell*

—_ P — - . B .
S s0- 3 51.6 4 (L .
\(D’ —_—. Shoobesd — T,; E 24 Pt ¥ . *
& 60- Sev—ariess (Ao & 5144 > g
= seE-varre e— — oo aagngy =S & e e
= ey Cell* = 1d e ® 0
& 40 ———— ———— = = . ..-.‘
s S T § 512 < o
S | GRS o F7i 3
m SSbkesteid — @ 44 .

0 10 20 30 40 50 60 28 32 36 40 20 40 60 80

Time (mins) Time (mins) Buoyant Mass (pg) Mark Stevens, PhD

Cermak et al. Nat Biotech 2016, Stevens et al. Nat Biotech 2016



Linking Mass and MAR to scRNA-Seq for each cell

Serial SMR
Loading bypass

Automated single-cell

collection

Alex Shalek, Doug Lauffenberger, MIT

Unloading bypass

|

Buoyant mass

Biophysical data

Biophysically-linked
transcriptomic analysis
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Single-box design Ten systems are up and running



Stage IlI: LifeScaleAST for Rapid Antibiotic Susceptibility Testing




fNIH funded testing in humans — 2018

Patient On therapy _
Response Patient follow-up
in trial outcome until relapse

ore- treatment Define predictive

ower of MAR
blopsy/blood P
Predictive testing with Correlate MAR
trial therapy at Travera with orthogonal
&\ = trial-specified correlates
(sequencing, histology,
| clinical measures, etc...)

TRAVERA



Testing in humans — projected 2019

Failure
Empiric trial
Patients with / selection
relapsed
hematologic
malignancies \ SMR-driven
trial selection
Failure

Examples of available agents
IDHZ2 inhibitors

BCL2 inhibitors

PI3K inhibitors

MCL1 inhibitors

CDK9 inhibitors

XPO1 inhibitors
Bromodomain inhibitors
SYK inhibitors

JAK inhibitors

MDMZ2 inhibitors

HSP90 inhibitors
Spliceosome inhibitors
Demethylating agents
Anti-metabolites
Antibody-drug conjugates
Novel chemotherapies
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Linked scRNA-seq: Workflow

From SMR
/\ @ . Genes x cells  Trimming for Prioritize normalization
— matrix quality cells schemes (scone*) Analyze complete dataset
I I *
— - . (scone?) )
o0 | . . g .
_—_—_——— _ Gentlo h Ry P e JL;
' scRNA-seq library  |Ganer g gdtet P e : St
prep (smart-seq2) ' + Shson et b
and sequencing y ) o’ A

*SMR step is a “viability filter” so we enrich for at least somewhat healthy cells

*Cole, M. et al. Performance Assessment and Selection of Normalization Procedures for Single-Cell RNA-Seq (bioRxiv, 2017)



SCRNA-seq: Treatment

tSNE_2

633 cells; 6 individual mice
treated and untreated; spleen and bone marrow
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Minimal residual disease is the roadblock to cure

Presents with leukemia Remission Relapse

o
29.04%

5.10%/( *

4 ETVB, WNK1-WAC,

* DNMT3A, NPM1, FLT3, PTPRT, SMC3 MYO188

AML1/UPN933124
___ : C'r\emothe."apy

Ding et al. Nature 2013



Current approach to minimal residual disease (MRD)

MRD level

Diagnosis

Induction therapy

-

» Remission

(

Low MRD

Low-risk therapy
(de-intensification)

\ De-escalated LowiMRD
\\ consolidation

Time

MRD assessment

Luskin et al. Nature Reviews Cancer 2018

MRD level

l

Intermediate MRD

Standard-risk therapy
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|

\Intermediate MRD

\ —Standard

Q)nsolidation

’ Time
MRD assessment

MRD level

\

High MRD

High-risk therapy
(intensification)

\Q*T’_—/

High MRD

\ - Intensive consolidation

Time
MRD assessment

— No consolidation therapy
- MRD-guided consolidation therapy

Nature Reviews | Cancer




Paradigm of precision targeting for MRD

r\

Treatment [\ treatment

Observation or |
MRD continuation of same

r

>99% reduction Regrowth Relapse

Tumor

Potential advantages of targeting MRD

1)
2)

3)
4)

5)

Less clonal complexity

Loss of chemoprotective
microenvironment

Improved patient performance status
Enrichment of “cancer stem cells” tested
for functional responses

Fewer cells to cure

Luskin et al. Nature Reviews Cancer 2018

Potential disadvantages of targeting MRD
1)  Excess toxicity and cost from treatments

. (i.e., overtreatment)
Iteratively 1 Iteratively ~ 2)  Therapeutic selection confounded by
test MRD to change unrepresentative MRD sampling (i.e.,
identify n treatment wrong treatment)
effective based on 3) Morbidity/mortality of repeated MRD
treatment testing sampling
P
Minimum
detectable = == =— l\I/IRD
threshold relapse
Cure?



