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Intuition based on static protein interactions is limited when signaling networks contain multiple
feedback and crosstalk loops (1-4), asin the Insulin-like growth factor-1 (IGF-1) receptor
pathway (Fig. 1). Mechanistic modeling enables for examination of the role and importance of
dynamic protein interactions and provides a foundation for developing targeted therapeutics (6).
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Figure 1: A simplified schematic representation of the IGF signal pathway. The network
downstream of the IGF ligand amplifies the signal from the receptor to the downstream

effector molecules, AKT and ERK. Multiple negative feedback loops had been reported

in the literature for this receptor/ligand pathway [1,5].

The IGF-1 receptor pathway is known to play an important role in breast cancer. Stimulation of
the IGF-1 receptor resultsin activation of multiple pathways that generate survival and
proliferation cues, such asthe ERK and AKT pathways. Given the known role of IGF-1in
cancer, we have taken a quantitative approach to understanding the receptor signaling pathways
at the molecular level.
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Anordinary differential equation based model of the signaling events post | GF-1 stimulation was
built using quantitative experimental data obtained from IGF-1 stimulated MCF-7 cells. To
challenge the model we generated experimental and simulated dose-response and time-dependent
behavior of p-ERK and p-AKT in the presence of inhibitors targeting different positions within
the |GF pathway, including inhibitors that disrupt feedback and crosstalk mechanisms.

Using this model, we confirm through experiments the prediction that inhibiting AKT has a
counter-productive effect on ERK activity (Fig. 2aand b). The model also correctly predicts
enhanced AKT activity in the presence of an mTOR inhibitor (Fig. 2c) as demonstrated
experimentally by O’ Reilly et a. (7).

A o B . C .
1009 Model Prediction 16 Experiment Data 1009 Model Prediction
() . 0
= Ocontrol © 1.4 - Ocontrol ® Ocontrol
o 80%: mi = i qi S 80% :
2 inh AKT s 1.2 Hinh AKT [t Hinh mTOR
o © 1.0 4 o
S 60% ol 7] = 60%] —
g 3087 Q g —
7 40% 506 1 \ S 40%1
£ [ | \ =
5 20%- £ 04 \ 5 20%-
z § 0.2 1 \ m \ z2
0% 0.0 T 0% T
pAKT pERK pAKT pERK (max) pAKT pERK

Figure 2: Simulated and Experimental effects of inhibitors to feedback and crosstalk
mechanisms. Activation levels of pAKT and pERK were simulated for 10 minutes at
saturating concentrations of IGF and A) AKT inhibitor or C) and mTOR inhibitor. B)
MCEF-7 cells were incubated with 0.5uM AKTi-1/2 and stimulated with IGF.

In summary, we show that understanding subtle differences in network dynamicsis crucial for
predicting the unintended or counter-productive effects of targeted inhibitors. In addition, target
optimization can be performed in silico to examine these effects prior to inhibitor design.

[1] Modlling, K., et al., JBiol Chem, 2002. 277(34): p. 31099-106.

[2] Yu, C.F., etd., IJBiol Chem, 2002. 277(22): p. 19382-8.

[3] Hu, Q., et a., Science, 1995. 268(5207): p. 100-2.

[4] Wennstrom, S. and J. Downward, Mol Cell Biol, 1999. 19(6): p. 4279-88.
[5] Carlson, C.J., Biochem Biophys Res Comm, 2004. 316(2): p.533-9.

[6] Fitzgerald, J. B., et ., Nat Chem Biol, 2006. 2(9) 458-66.

[7] O'Reilly, K. E., et ., Canc. Res., 2006. 66(3) 1500-8



