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Biomarkers & Real World Data (RWD)



Biomarkers in
Cancer
Immunotherapy

Increasing importance
Growing complexity
Emerging challenges

ORONC

Complexity

No single biomarker today completely
predicts who will or won’t respond to
immunotherapy

Heterogeneity

Each study looks at a single therapy or
regimen, specific endpoints, select
biomarkers and thresholds

Generalizability

Clinical trials study selected populations —
how do these results apply to the range of
patients treated in the “real world”



Real World
Data is
emerging as a
key enabler

Numerous efforts are actively underway to
bridge data silos (genomic + clinical data)
and institutional silos (across institutions
and across practice settings) to begin to
apply real world data to important
problems in oncology
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Use of Real World Evidence

Beginning to understand opportunities to use real world endpoints derived from the EHR
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Establishing a Framework to Evaluate Real-World Endpoints
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A CASE STUDY

R

The Clinicogenomic Database (CGDB)

A collaboration between a genomics lab (Foundation Medicine) and
an EMR/data company (Flatiron Health) to bridge real world data silos



FoundationCORE™

Building a World-Class Genomic Database

~

2000+ samples
sent each week to
Foundation Medicine
for analysis from
100s of centers
across the country

! Frampton et al., Nature Biotech 2013
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Sequencing Reports

is performed on a are sent to ordering

highly validated! doctors with genomic
platform, identifying all findings and therapies
classes of mutations in and trials to consider

>300 genes
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FoundationCORE™
contains >200,000 de-
identified results, including
genomic alterations, tumor
mutational burden,
microsatellite instability
(MSD), and, for many
patients, PD-L1 results



Flatiron: EHR data integrated at the source
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Identify Common Patients > Transfer Data > Receive Linked Data >

Flatiron oo
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BACKGROUND

» Genomic findings have diagnostic, prognostic, and predictive utiity in clinical ancology.

» Population studies have been limited by rellance on trials, registries, or insttutional chart
review, which are costly and represent narrow populations.

» Integrating electronic heath record (EMR) and genomic data collected as part of routine
clinical practice may overcome these hurdies.

METHODOLOGY

» Oncology patients frem i were identified for whom Flatiron EMR abstraction
and Foundation Medicine next gomrr-on sequencing (NGS) was performed

» The information was linked in a HIPAA-compliant fashion through a third party to create the
cinico-gencmic database (CGDB) which is updated quarterdy

»  Currantly there are 2139 non-small cell lung cancer (NSCLC) cases, which were used as a
validation sel for the database

Figure 1. Schematic of generation of CGDB (left) and cohort selection (right).
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Figure 2. The linking of patient cata between Flatiron and Foundation databases is performed by
genaration of a token list and subsequent inking of tha tokens using a third party in an IRB-
appraved, HIPAA.compliant fashion.
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Development and Validation of a Real-World Clinico-Genomic Database

Gaurav Singal', Peter Grant Miller', Vineeta Agarwala?, Jie He', Anala Gossai?, Gerald Li', Shannon Frank?, David Bourque’, Bryan Bowser?, Thomas Caron?, Ezra Baydur?, Kathi Seidl-Rathkopf, Ivan Ivanov? Alex
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RESULTS

CLINICAL CHARACTERISTICS
Table 1. Clinical characteristics of patients in the dinico-genomic database. The distribution of
features such as median age, smoiing history, and histology are consistent with prior studies.

Totel Patiest Count Eas Stage of Disease
Stage | 207 (9.ta%)
Age at advanced diagnosis (median, [IGR]) €60 (380-730) Stage Il 161 (7 59%)
Geder Stage I8 403 (18.8%)
Femal 1146 (S3.0%) Stage V 1243 (38.1%)
Maw 003 (48.4%) Net seported 124 (S.60%)
Smoting Status Histolegic Subtype
Hakory of Smoking 1600 (74.0%) NoN-$2Uamous coll carcinoma 1700 (70 0%}
Ne Hiskory 48029 NSCLC NOS 18 (5.52%)
Uninown / Not documented 50 (2 4%) Squamous oel carcioma 18 (147%)
Race Number of LOT Recelved
Asian 80 A T4N) 0 22 (08%)
Black or African American 108 (5.05%) 1 0 (290%)
White 1407 (85.5%) 2 405 (18.9%)
Oter { Unwnown 544 (25 4%) 3 mITT™S)

GENOMIC CHARACTERISTICS

Figure 3. Genomic characteristics of the NSCLC tumers in the dinico-
[ are largely with prior studies in large

including the TCGA. As the p! ofa
driver mutation (EGFR, ALK, ROS1, MET, BRAF, RET or ERBB2)
was associated with younger age, female gender, and non-smoking
status,

TCGA ~ Lung Adeno
CGOB - Lung Adeno
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Figure 4, of integr

g clinical and ge: features from the database.

RESULTS

CLINICAL AND GENOMIC PROGNOSTIC IMPLICATIONS

Figure 5. Kaplan-Meler overall survival analysis from initial dagnosis recapitulates known
relationships with clinical and genomic features in NSCLC. Advanced stage, oider age, a history of
smoking, and squamous histology were all assocated with a worse overal survival (Jeft). TPS3 anc
KRAS mutations were associated with worse OS. The presence of a targetable driver was
associated with a higher OS, with variation among the speciic driver subtypes (right).
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TESTING AND THERAPEUTIC RESPONSE PREDICTION

Figure 6. Using the CGDB to understand and predict respanse to therapy. The presence of an
EGFR was (defined as both survival and maximal response to
th¥apy), use of NCCN-recommended therapy when appropriate was associated with increased OS,
and higher TMB was associated with increased duration an the PD-1 blocking agent, Nivolumab.,

OS in EGFR Mutant Tumors Stratied
By Rocipt of EGFR At

Recol of Targeted Therapy in Mutant
Populetion Comviah
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Table 2. EGFR and ALK results documented in the EMR ("Outside”) and from Foundation Medicine
("FMI") testing. Outside testing was considered “mutant” if any test was reported as positive. Of the 14
patients (bold, asterisk) documented as ALK WT by cutside testing and mutant by FMI, 11 received an
ALK inhibitor, with @ mean duration on treatment of 219 days. Of the 5 discordant patients with a
documented maximal response in the EHR, 4 had a partial response and 1 had stable disease.

Cutside Testing
EGFR WT (675) | Metant (ve187) | Discrepancy [ UM L Tadomod
£ [wip=tran 621 21 33% 1105
| Mutaet (n=385) e 166 24.5% 165
Outyice Tosting
ALK WT(n=716) | Mutant(n=43) | Oiscropancy | UMDTOLTdomed
s £ [wrie20m) 02 8 11% 1397
SE | Mutant (n=85) 1 35 2.6% »
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GROWTH OF THE CLINICO-GENOMIC DATABASE
Figure 7. Patient counts and growth of the clinico-genomic database, by dsease (June 2017). The
CGDB covers 36 tumor types and continues 10 grow and receive updates on a quarterly basis.

Size of CGDB
1900

FUTURE DIRECTIONS

240

Growth of GGDB

20000
16000
e
12000
000 m

Q12018 Q2207 Q32016 Qe2014 Q12017

Number of P atients

FUTURE APPLICATIONS
» Unmet Noeds
> Populations for whom current treatments do not exist
» Theraples for whom an appropriate populaton needs to be better cefined
» Tral Design
> Characterizing the natural history of a biomarker-defined population for trial design
» Integration of NGS testing Into trials to further blomarker and drug discovery
» Targeted Therapy
» Pricritizing genomic lesions for drug development

» Batler ur g of of 10 current
» Immuno-Oncology
» Integrating tumor mutation burden into our and prog s

» Defining genomic subpopulations with differential sensitivity to ehoekpoim blockade
> Rational approaches % combining targeted therapy with checkpoint blockade

CONCLUSIONS
real-world dinico by

» We have buit a de HIPAA g
linking longitudinal cinical data with high resolution genomic information. The dataset
consists of 2139 NSCLC cases, more than 20,000 total cases, and s both growing and
updated on a quarterly basis.

» The cinico-genomic database shares similar g ic and dinical as NGS-
fosted i i and i 2 broad aray of expected findings regarding
(a) genomic prognostic factors, (b) cinical prognossic factors, and (c) genomic implicatons
for therapeutic response.

Fuwmummnwmmm better clinical ¥ial design, E' E
of and better g natural
history of genomic subpopulations (e.g., 10 serve as in silco control arms) 'E




APPLICATIONS

Potential Impact of RWD

RWD may help address some of the existing challenges with
cancer immunotherapy biomarker research



Opportunity 1: Generalizability

Clinical trial results, especially for genomic populations, may benefit from RWD for generalizability

Pembrolizumab Response Rate by Tumor Type.*

S TAT Sections Topics Multimedia Newsletters More Q _— — R
Tumor Type Tumors a Response Response Duration
no. (%) mo
Colorectal cancer 90 32 (36) 1.6+ 10 22.7+
Endometrial cancer 14 5 (36) 4.2+t017.3+
FIRST OPINION Biliary cancer 11 3 (27) 11.6+ t0 19.6+
Gastric or gastroesophageal junction 9 5 (56) 5.8+ t0 22.1+
We n eed m o re a n Swe rs a bo u t Pancreatic cancer 6 5 (83) 2.6+ t0 9.2+
° Small-intestine cancer 8 3 (38) 1.9+ t0 9.1+
|mmun0therapy for the elderly Breast cancer 2 2 (100) 7.6t015.9
Prostate cancer 2 1(50) 9.8+
By ANKUR PARIKH /7 JUNE 22, 2018 Other cancers 7/ 3 (43) 7.5+ to 18.2+
Half of cancer patients are over the age of 65, while Studies of rare biomarkers, especially when
only 17% of patients in clinical trials are histology agnostic, often include few (or no)

patients in some histologies

https://www.statnews.com/2018/06/22/immunotherapy-elderly-cancer-treatment/



Challenge 1: Generalizability

Real world data can help us evaluate non-clinical trial populations

In the Flatiron-Foundation Medicine Clinicogenomic Database of ~4000 patients with non-small cell lung cancer:

<65yo
Did Not Receive Received (n=588, 46%)

Immunotherapy Immunotherapy
(n=2778, 68%) (n=1286, 32%) >65y0
(n=698, 54%)




P flatiron Use of Cancer Immunotherapies in the Real-World in the Setting of Microsatellite Instability MEDINE

Vineeta Agarwala MD PhD'#, Anala Gossai PhD', Gaurav Singal MD?, Claire O'Connell', Gerald Li PhD? Ken Kao', David Bourque?, Dana Feuchtbaum’',
Garrett Alpha Cobb PhD?, Allen Nunnally?, Sarah Kramarz', Sally Trabucco PhD?, Garrett Frampton PhD?, Siraj Ali MD PhD?, Amy Abernethy MD PhD'

' Flatiron Health, New York, NY
2 Foundation Medicine, Cambridge, MA
3 Stanford University School of Medicine, Stanford, CA

Background Results Conclusions

+ In May 2017, the FDA issued its first tissue/site agnostic drug approval.’ Rate of MSI-high and high TMB in the real-world Figure 2: + MSI-high is rare in real world cancer care settings among patients who

+ Pembrolizumab was approved for unresectable or metastatic, microsatellite « As of May 2017, the linked Clinico-Genomic Database included 16,020 patients, among whom Real-World Rates of Microsatellite Instability in Different Common Tumor Types :"’deng 'je’“ generation sequencing (<2%), with significant variability in
nstability-high (MSI-H) or mismatch repair deficient (JMMR) solid tumors. MSI status could be assessed in 12,411 patients (Figure 1). frequency among disease sites.

Real-world data on the frequency of MSI/AMMR across tumor types and the The cverall rate of MSI-high was 1.7% (207/12,411) across all tumer types combined The rate of MSI-high in cancers of unknown primary is higher than many

mpact on treatment selection are scant, especially outside of colorectal cancer.” 4 , . . ) 488% other cancer types. MS/MMR assessment (including by NGS) may be
Tumor-specific rates of MSI-high varied significantly, frem 4.9% in colerectal adenocarcinoma to particularly important in this clinical setting in order to guide treatment

0.3% in breast and non small cell lung cancer (Table 1, Figure 2). The rate of MSI-high was . choice
relatively high (2.4%) among patients with an unknown primary based on pathology review .

Early data suggests that the rate at which MSI-high patients are being
treated with checkpoint inhibitors is increasing over time. Further

% evaluation of the real-world effectiveness of immune checkpoint
inhibitors in the MSI-high population is still needed.

(Figure 2).

Likewise, the frequency of high tumer mutational burcen (TMB>20) varied across tumor types,
ranging from 12.6% in non-small cell lung cancer to 2.3% in breast cancer (Table 1)

Methods

This retrospec

ve study utilized the EHR-derived Flatiron-Foundation Medicine

Percent of patients who are MSI-high

inked Chnico-Genomic Database. The study cehort included all patients Rate of treatment with checkpoint inhibitors 238% + Because deficient mismatch repair is an uncommon event, most
diagnosed in the Flatiron Health network (>265 community and academic + Atotal of 1,534 patients in the database received common checkpoint inhibitors (nivolumab, patients receiving checkpoint inhibitors do not have MSI-high tumors.
oncelogy practices, representing ~800 distinct sites of care across the U.S)) pembrolizumab, atezolizumab). Ameng those checkpaint-inhibiter treated patients with known 1.59% As such, exploration of additional biomarkers for immunotherapy
between January 2011 and May 2017, who also underwent FoundationOne next MSI s (n=1,363), 21 (1.5%) had MSI-high tu , and colorectal cancer the most response Is critical. Tumor mutational burden, which may be associated
generation tumor sequencing as part of routine clinical care. common tumor type among these patients (n=8) 1% with neoantigen expression, is one example of a biemarker that is being
+ Clinical and genomic data were linked at the patient level via a third party linking « Among all 207 patients in the database with MSI-high tumors, 21 (10,1%) received therapy with 2% 0.34% u;pfrud(da'ahpd_lulwe predictor of clinical benefit from immune
agency in a HIPAA-compliant process. The resulting database was strictly checkpoint inhibitors — checkpoint inhibitors
de-identified, A S 1 s 7v o [ —
+ When comparing MSI-high patients in the cata set as of May 2017 vs. a longitudinally refreshed Bresst Colorectsl Non-SmallCell  Other tumor Unknown
+ Clinical data were curated from electronic health records, through normalization dataset including n=18,931 total patients (n=14,944 with !.!$| status available) tre : d through Carcinoma  Adenocarcinoma Lung Cancer types combined Primary
and standardization of structured data elements (e.g. demographics, medication September 2017, the overall rate of MSI-high remained similar (251/14,944 = 1.7%). However,
administration) the rate at which MSI-high patients were treated with checkpoint inhibitors increased from Limitations
. , . " . 10.1% (21/207) in May 2017 to 15.19% (38/251) in September 2017 (Figure 3).
l“mf"; type ;"13:10919:’“ ned by pathologist review of specimens submitted to Y N P g + Before September 2017, MSI status was calculated retrospectively from
oundation Medicine. Table 1: Figure 3: tumor sequencing data, and was not, in most cases, reported to
Genomic data were obtained from Foundation Medicine next-generation tumor Real-World Rates of Microsatellite Instability and High Tumor Mutation Burden in Patients with Real-World Rate of Checkpoint Inhibitor (CPI) [l A pstermsinCGoR treating physicians in order to guide treatment decisions
sequencing across the coding regions of >300 cancer-related genes. Data Common Tumor Types Use in MSI-High Patients Over Time ™ ationts, ot exted with CPY + In some cases (e.g., in colorectal cancer patients), physicians may have
ncluded alteration-level detail vel MSI status and tumor

as well as specimen-|

pationts. Yestes wih CPY separately ordered MSI testing (from another diagnostic laboratory) in
mutation burden (# mutations / Mb), To as 5, optimized Breast Colorectal Non-Small Other tumor Unknown u ;u?:r to x;’am the MSI statf‘; fgorl their patients 9 : g
homepolymer repeat loci on the FoundationOne sequencing panel were Carcinoma Adeno- Cell Lung types combined Primary . N . ) o
analyzed for length variability and compiled into an overall MSI score via N=1703 carcinoma Cancer N=8315 N=1041 S 18591 '” « As with any retrospective real-world datq set, this convenience cohort
principal components analysis. Each microsatellite locus had repeat length of N=1911 N=3050 may not be a representative sample of all cancer patients.
7-39 bp. The next-generation sequencing based “MSI score” was translated o o 2 e e ) . 2 16020
nto categorical MSI-High (MSI-H), MS| ambiguous, or microsatellite stable # MSI High (%) 4(0.23%) 73 3.82%) 8(0.26%) 103 (1.24%) 9(1.82%) 8 . ® p—
(MSS) by unsupervised clustering of spacimens for which MSI status was ) e . e e I . © smo 3 S
previously assessed via gold standard methods (€.g., IHC).* ¥ MS| Stable (%) | 1249 (73.3%) | 1 796) | 2353(77.1%) | 6209(75.8%) = 774 (74.4 £ s
£ £ ) References
# MSI Ambiguous (%) | 10 (0.59%) 22 (1.15%) 28 (0.92%) 56 (0.67%) 6 (0.58%) £ € 1. The U.S. food and D
Figure 1: Cohort Selection T 2 8 firat tissun/sitn agecnl
# MS1unknown (%) 440 (25.8%) 408 (21.4%) 662 (21.7%) 1857 (22.3%) 242 (23.2%) g oo § h vww Ada.gowT
All patients atients who Patients for atie . . . . . . ® -4
A 5 % patients MSI High, 0.32% 4.86% 0.34% 50% 2.38% s =
in the EHR- underwent whom MSI MSI-high exchuding unknown é %
derived tumor profiling status was tumors ! B f
Flatiron by Foundation available 207 Mean TMB (mut/Mb) | 3,60 [1.80;5.41] |2.78(2.70:6.31) | 7.21 [2.70,13.5] | 2.70[1.67:5.41) 3.78[1.80:2.01] L g 4101 (20
Health Medicine [1oR] g 1038 8 5 )
— 12411 L 4. Chaimers, Z. R. et al. Ang # 100,000 human cancer ganomes reveals
Database 16,020 + tumar mutational burden me Med 8, 34, dot 10.1186/513073-017-042
1,673,125 % patients TMB 39 {2.29%) 100 {5.23%) 384 (12.6%) 464 (5.58%) 111(10.7
High (TMBE>20) 0 0 This poster wis prasentad at the 2018 ASCO-SITC Clinical Immuno-Oncology Sympasiun;
May 17 Sept 17 May "17 Sept 17 Jan 24-25, 2018, For additional information, contact Vineeta Agarwala at vineeta@flatiron.com.

Agarwala et al., ASCO-SITC, 2018



Opportunity 2: Heterogeneity

Each study studies individual patient populations, therapies, and biomarkers

4. The NEW ENGLAND
..~ JOURNAL of MEDICINE -

ORIGINAL ARTICLE

Nivolumab plus Ipilimumab in Lung
Cancer with a High Tumor Mutational
Burden

Matthew D. Hellmann, M.D., Tudor-Eliade Ciuleanu, M.D., Adam Pluzanski,
M.D., Jong Seok Lee, M.D., et al.

CHECKMATE-226"
Therapies: Nivolumab + Ipilimumab

Biomarkers: PD-L1 (multiple thresholds), Tumor
Mutational Burden (10 mut/Mb)

"Hellmann MD et al. N Engl J Med 2018;378:2093-2104
2Socinski MA et al. N Engl J Med 2018;378:2288-2301

£ The NEW ENGLAND
%¢ JOURNAL of MEDICINE

ORIGINAL ARTICLE

Pembrolizumab plus Chemotherapy in
Metastatic Non—Small-Cell Lung Cancer

Leena Gandhi, M.D., Ph.D., Delvys Rodriguez-Abreu, M.D., Shirish Gadgeel,
M.B., B.S., Emilio Esteban, M.D., et al., for the KEYNOTE-189 Investigators”

KEYNOTE-1892
Therapies: Pembrolizumab + Chemotherapy
Biomarker: PD-L1 (multiple thresholds)



Opportunity 3: Complexity

RWD can help tackle the complexity of immunotherapy response and resistance

CANCER DISCOVERY

Mutations Associated with Acquired
Resistance to PD-1 Blockade in Melanoma STK11/LKB1 Mutations and PD-1 Inhibitor
S . . Resistance in KRAS-Mutant Lung
Jesse M. Zaretsky, B.S., Angel Garcia-Diaz, Ph.D., Daniel S. Shin, M.D., .
Adenocarcinoma

Helena Escuin-Ordinas, Ph.D., et al.

Observations from 4 patients who developed resistance to Combining RWD from multiple academic medical centers
immunotherapy in melanoma at a single academic medical led to the discovery of a new resistance mechanism for
center, who ultimately underwent advanced sequencing immunotherapy

Zaretsky JM et al. N Engl J Med 2016;375:819-829 Skoulidis F et al. Cancer Discovery 2018



Concluding
thoughts & '

Open
Questions

Concluding Thoughts

Multiple real world data sets are emerging: across
academic medical centers, consortia, and industry-driven
initiatives.

These datasets can complement and extend data
generated through clinical trials — helping generalize

findings, evaluate multiple therapies with common
biomarkers, and explore the complexity of evolving disease.

Additional applications could include better trial design and
assessment of post-approval efficacy, especially of histology
agnostic therapies

Open Questions

Can real world data be used to accelerate development of
therapies for niche patient populations by serving as a
real world control arm?

Can real world data be used to facilitate discovery of new
targets and combinations, perhaps by engaging patients in
research?

How will complex biomarkers ultimately be translated into
clinical care and decision making, and what role will real
world data and technology play?






