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Tumour biology is multi-scale 
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Multi-scale modeling-informed drug discovery & development 

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

 

Helps predict outcomes for a clinical dosing schedule 
Efficacy 

Toxicity 
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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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Cellular communication  biological function 

 

EGFR-enabled cell-cell interactions 
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Wiley et al (2003) Trends in Cell Biology. 13(1):43-50 

TGF-α 

EGFR signaling: autocrine, 

paracrine 
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Challenge 1: EGFR phosphorylation recovery 
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Challenge 1: EGFR phosphorylation recovery 
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Schematic diagram 
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http://ke.rd.astrazeneca.net/compbio_dev/ngv/ngv.ksp?mode=classic&projectFile=ngv%3A%2FProjects%2FONC006%2FEGFR_CellModel3.xml  

EGFR Signalling model diagram 

Shan et al (2012) Cell. 149(4):860-70. 

Chung et al (2009) BMC Cell Biol. 10:84 

Baumgart et al (2010) Cancer Res. 

70(13):5368-78. 
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Schematic diagram 
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http://ke.rd.astrazeneca.net/compbio_dev/ngv/ngv.ksp?mode=classic&projectFile=ngv%3A%2FProjects%2FONC006%2FEGFR_CellModel3.xml  

EGFR Signalling model diagram 



Can we build a model that… 

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

 

Helps predict outcomes for a clinical dosing schedule 
Efficacy 

Toxicity 
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Calibration of MMOA - in vitro data 
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Calibration of Mechanistic PK/PD - in vivo data 

xenograft nude mouse 
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Clinical predictions 

14-day continuous, 150 mg pill, 70kg BW, 100 patients (Latin hypercube) 
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A mechanistic EGFR PK/PD model 

 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 

 

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 

 

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 
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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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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. 

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. EGFR interacts 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. 

 

L858R mutation 
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Model construction strategy 
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Identifiablity analysis 
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