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Tumour biology is multi-scale
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Inspired by Hanahan & Weinberg (2011) Cell. 144: 646-674.
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Multi-scale modeling-informed drug discovery & development

v'Integrates in vitro evidence with in vivo animal data
v Consolidates different information and build confidence

v'Helps predict outcomes for a clinical dosing schedule
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EGFR signaling
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Wiley et al (2003) Trends in Cell Biology. 13(1):43-50
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EGFR-enabled cell-cell interactions

Cellular communication = biological function

EGFR signaling: autocrine,
paracrine

Wiley et al (2003) Trends in Cell Biology. 13(1):43-50
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Challenge 1: EGFR phosphorylation recovery
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Challenge 1: EGFR phosphorylation recovery

PEGFR (% of Control)

Courtesy of Jonathan Orme Courtesy of Gillian Barrett
Green: pY1068
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Challenge 2: time dependency in dose response

Courtesy of Jonathan Orme

AZD9291 Parent

150000 7hrs  IC50 = 0.005344 95% CIR = 1.44

6hrs  IC50 = 0.008821 95% CIR = 1.40
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Chung et al (2009) BMC Cell Biol. 10:84
Shan et al (2012) Cdll. 149(4):860-70.

Baumgart et al (2010) Cancer Res.
70(13):5368-78.
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LETTER

doi:10.1038/naturell1249

Widespread potential for growth-factor-driven
resistance to anticancer kinase inhibitors

Timothy R. Wilson, Jane Fridlyand”, Yibing Yan®, Elicia Penuel’, Luciana Burton®, Emily Chan', Jing Peng', Eva Lin', Yulei Wang?”,

Jeff Sosman®, Antoni Ribas®, Li®, John Moffat’

& Jeff Settleman’

Jiang

Mutationally activated kinases define a clinically validated class of
targets for cancer drug therapy'. However, the efficacy of kinase
inhibitors in patients whose tumours harbour such alleles is invariably
limited by innate or acquired drug resistance™'. The identification
of resistance mechanisms has revealed a recurrent theme—the
engagement of survival signals redundant to those transduced by
the targeted kinase', Cancer cells typically express multiple receptor
tyrosine kinases (RTKs) that mediate signals that converge on
commeon critical downstream cell-survival effectors—maost notably,
phosphatidylinositol-3-0OH kinase (PI{3)K) and mitogen-activated
protein kinase (MAPK)®. Consequently, an increase in RTE-ligand
levels, through autocrine tumour-cell production, paracrine con-
tribution from tumour stroma” or systemic production, could
confer resistance to inhibitors of an oncogenic kinase with a similar
signalling output. Here, using a panel of kinase-‘addicted’ human
cancer cell lines, we found that most cells can be rescued from drug
sensitivity by simply exposing them to one or more RTK ligands.
Among the findings with clinical implications was the observation
that hepatocyte growth factor ( HGF) confers resistance to the BRAF
inhibitor PLX4032 (vemurafenib) in BRAF-mutant melanoma
cells. These observations highlight the extensive redundancy of
RTK-transduced signalling in cancer cells and the potentially broad
role of widely expressed RTK ligands in innate and acquired resist-
ance to drugs targeting oncogenic kinases.

Using 41 human-tumour-derived cell lines with previously defined
kinase dependency™, we undertook a ‘matrix analysis’ to examine the

. Daniel P. Sutherlin®,

Hartmut Koeppen®, Mark Merchant’, Richard Neve'

capacity of such cells to engage redundant survival pathways upon
exposure to a variety of ligands. None of the tested ligands could rescue
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] EGFR Signalling model diagram
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Can we build a model that...

v'Integrates in vitro evidence with in vivo animal data
v Consolidates different information and build confidence

v'Helps predict outcomes for a clinical dosing schedule
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Calibration of MMOA - in vitro data

candidate drug AZD9291

20mins
40nuns
—1hr
2hrs
—dhrs
—S5hrs
=—6hrs
7hrs

H1975: double mutant

" ol i " i
10 10" 107 107 10 10 10 107
uM
1.5 T N
20mins
40mins
—1hr
1 2hrs
—dhrs
— = 5hrs
Eé —6hrs
2 o5+ Thrs
R
B

-
L
|

107 10 107 107 10"

14 Tao You tao.you@astrazeneca.com



Calibration of Mechanistic PK/PD - in vivo data

Courtesy of James Yates
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Clinical predictions
14-day continuous, 150 mg pill, 70kg BW, 100 patients (Latin hypercube)

Total EGFR Farent/ metabolite

16 Tao You tao.you@astrazeneca.com Computational Biology | Discovery Sciences



A mechanistic EGFR PK/PD model

v'Rooted in the latest finding in the literature and integrates in-house in vitro and in

vivo results
1. Ensures data consistency and builds confidence

v'Encompasses important clinical biomarkers (EGFR, Ras, Mek, Erk, AKT)

1. Provision of a basis for selection and evaluation of different biomarkers at clinical trial
2. Evaluation of different dose scheduling for clinical trial
3. Potential insights into population heterogeneity and personalised dose scheduling

v'To drive a tumour growth model

1. To integrate preclinical tumour volume metric data
2. To predict tumour size measure at clinical trial
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Multi-scale modeling-informed drug discovery & development
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EGFR Signalling

‘netors|_ (£GP (167 ) (Amphireguiin ) Epiregutin ) (Betacellutin ) (Epigen ) (He-£GF ) (NRG1 ) (NRG2 )(Res (ks )
Input layer factors: EGF || TGFo Amphlregu!ankEplregu[m Betacellulin Epigen HB-EGF KNRGlj NRG2 NRG3 NRG4

o] e

Signal-processing \
layers
r—>® @‘_]

Chbl
HB-EGF ) ™, MIG6/RALT
Core :
machineries NRG Core LRIG1
process
TGFa SPRY
A J A

Transcription

factors R - (Fos ) (ecke) (me ) (ex ) (Csp )

responses|

Citri A and Yarden Y. (2006) EGF-ERBB signalling: towards the systems level. Nat Rev Mol Cell Biol. 7(7):505-16.
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HCB analysis of H1975 (w other lung cancer cell lines) and WT lung epithelial cell line HBE135 (Chung et al (2009) BMC Cell Biol. 10:84

1. +/-EGF treatment in cancer cell lines including H1975: EGFR is mainly endosomal and is inefficiently sorted into lysosome for degradation.

2. WT cells and cancer cell line expressing WT EGFR: - EGF, EGFR is mainly in the surface; + EGF, EGFR is mainly endosomal

3. EGFRinteracts with endosomal Src strongly in cancer cell lines but not in WT cell. (Src transduces the p-EGFR signal into phosphorylation of RAS.)

This paper also cited the recent research results:
Mutant EGFR interacts with Cbl less strongly and is therefore inefficiently ubiquitinylated — consistent with finding 1 listed above.
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Avraham R, Yarden Y. (2011) Feedback regulation of EGFR signalling: decision making by early and delayed loops. Nat Rev Mol Cell Biol. 12(2):104-17.



Oncogenic Mutations Counteract Intrinsic
Disorder in the EGFR Kinase
and Promote Receptor Dimerization
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Model construction strategy
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Identifiablity analysis
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