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overall survival

Unmet need: a genomic test could improve survival prediction
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‘Approximately 25% of patients with
stage | lung cancer will have
recurrent disease associated with
occult metastasis.”

- Vargas & Harris Nat Rev Cancer 2016
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A *validated™ genomic (RNA) test
could reduce under-treatment of

stage | lung cancer



Approaches to designing gene-expression biomarkers for lung cancer

Expression 20.000 Prognostic Biomarkers
Dataset genes —_
v : : : Data-driven
« Correlation with survival’ ata-drive
Approach
FiItSetring « Clustering into histological
eps 4
subgroups Knowledge
« Cancer-related genes® _based
* Immune genes®
» Cell cycle progression’ Approach
? _
Expression >-100 Molecular measure predictive of
Signature genes survival risk

1) Beer Nat Med 2002, Bianchi JCI/ 2007, Krzystanek Biomarker Res 2016, Shukla JNCI 2017.
4) Garber PNAS 2001. 5) Raz CCR 2008, Kratz Lancet 2012. 6) Li JAMA Onc 2017. 7) Wistuba CCR 2013.



Unmet need: a genomic test could improve survival prediction
but previous approaches have failed to translate into clinic

Poor Reproducibility Limited Utility

< BAAYANYAN

stage | stage |l stage Il
Fail to validate in external patient cohorts Fail to validate in patients with stage | lung cancer

Subramanian & Simon JNCI 2010



Could Darwin have the answer?

A

Charles Darwin’s Notebook B 1837

Metastasis

Primary
tumour

Size of clone

, .

Diagnosis &

Time
| tumour resection

Adjuvant
treatment

Intra-tumour heterogeneity:
“tumour cell differences [that] are believed to be
due to [the] presence of distinctly different
subpopulations capable of breeding true”

‘acquired genetic lability permits
stepwise selection of variant [clones]
and underlies tumour progression”

- Peter Nowell Science 1976 - Gloria Heppner Can Res 1984

Primary tumour



TRACERX: Tracking Cancer Evolution through Therapy

Multi-Region Sequencing
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TRACERX: both mutational and copy-number ITH are common features in lung cancer
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HYPOTHESIS: molecular biomarkers for lung cancer are confounded by tumour sampling bias

TRACERX Lung
multiple regions

Diagnostic Biopsy
single region




Clinical implications of the sampling bias problem

TRACERx Lung
multiple regions

1) Diagnostic Biopsy
single region

2) Patient Stratification
survival risk estimation

3) Therapeutic
Decision-Making

-
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Quantifying the sampling bias problem in lung adenocarcinoma
C
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TRACERx LUAD patients (n =28 = 11 concordant low + 5 concordant high + 12 discordant)
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Quantifying the sampling bias problem in lung adenocarcinoma

Shukla JNCI 2017 signature Li JAMA Oncology (2017) signature
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Solving the sampling bias problem?

Patients

Blackhall Neoplasia 2004
“‘we would recommend that pooling samples
from four different areas of a tumor should be
sufficient to minimize artifacts from tumor
heterogeneity.”

Expression
Level

Expression

Level Bachtiary Clin Can Res 2006
“A useful prognostic marker ... ideally should be
expressed homogeneously within any single
/patient’s cancer, so that sampling “error” would
. not become a confounding variable.”

Genes

Expression
Level




Designing a genomic test in the light of cancer evolution

~~ORACLE~*~
1

Clonal (homogenous) gene expression

Intra-tumour RNA heterogeneity

1

Intra-tumour DNA heterogeneity
(unstable chromosomes)

The proportion of lung tumours
affected by sampling bias
decreases from 50% to 11%

Biswas Nature Med 2019; illustration by Phospho Biomedical Animation



Developing an Outcome Risk Associated Clonal Lung Expression (ORACLE) signature

Expression
Dataset

Filtering
Steps

Prognostic
Signature

Primary
Filter

Secondary
Filter

Machine
Learning
Algorithm

Prognostic
Signature

Shukla JNCI 2017 method

Kratz Lancet 2012 method

Prognostic P-value

Prognostic
FDR

Stepwise Regression

Prognostic P

Published Prognostic Genes & Expression

Prognostic
P-value

Elastic-Net (Lasso) Regression

ORACLE



ORACLE shows a reproducible survival association

Biomarker design in training dataset (TCGA LUAD patients, n=469, stage I-lll)
_ v v v v v
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Prognostic value in validation dataset (Uppsala || LUAD patients, n=103, stage I-1ll)
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Reproducibility: ORACLE validates in external patient cohorts

The Cancer Genome Atlas, USA
(n=469)

Uppsala University, Sweden
(n=103)

Biswas Nature Med 2019

Having a high ORACLE risk score was

M associated with a three-fold increased risk

of dying in the five years following
diagnosis

clinical stage

smoking history

WHO performance status
age

Independent of known risk factors:
|l| lll lll |l| . e



How will this help John?

Q- Surgery alone
s [
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High Stage | Tumour SteemLe &
Genomic biopsy =»> (RNA) Surgery +
K test chemotherapy
ORACLE
1.00 - —E 1.00 1 | ow-Risk
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E E
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Biswas Nature Med 2019



Retrospective - Prospective
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ORACLE risk-score

Ranking

9

Prospective validation of robustness to tumor sampling bias

73 Concordant low + 26 Concordant high + 23 Discordant (no association between stage and ORACLE risk, chi-squared test P=0.09)
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Prospective validation of survival association
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Prospective validation of survival association

Substaging

stage | ' h‘?‘“_‘-—\_\
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Biswas Nature Cancer 2025
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Charting ORACLE in the life history of a tumor

ORACLE risk-score

094

1 CORS

Developmental stages

N |
— IF ‘ : @ Normal ‘Prmary tumour
o —
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High
Genomic
Risk Precancerous
|esion

Low High
Genomic Genomic
Risk Risk

The high genomic risk signal can be detected
before developing into primary tumour



Charting ORACLE in the life history of a tumor

Biswas Nature Cancer 2025

Low : High B
ORACLE ORACLE
Risk Risk

No progression u Disease
progression

~90% of tumors with ORACLE high risk
will exhibit disease progression within
5 years from diagnosis



ORACLE delineates chemo-sensitive cells

Mo adjuvant therapy With adjuvant therapy
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ORACLE delineates chemo-sensitive cells
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ORACLE: a novel tissue-based solution to the sampling bias problem
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Extensive sampling

Homogenized
Tumour

Blend

A
. ,/ \ Cost

2
|

L] >
. . Tissue Biomarker

Strategy requirement x technology = Total
(# regions) (# tests)
< i.,' Extensive sampling 6 1 6
Limited sampling
Limited sampling 4 1 4
Blend 6 1/6 1
Clonal 1 1 1
71
I
< O
Clonal

Extensive sampling: Lehman Cancer 1966, Breslow Annals of Surgery 1970.

Limited sampling: Barranco Cancer Research 1994, Blackhall Neoplasia 2004, Turajlic Cell 2018, Opasic BMC Cancer 2019.

Blend: Joung PLOS One 2016, Litchfield Cell Reports 2020.
Clonal: Bachtiary Clinical Cancer Research 2006, Biswas Nature Medicine 2019.



ORACLE: roadmap to clinical translation

Biswas et al. 2019 February 2019
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