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geted therapeutics hold tremendous promise in inhibiting cancer cell proliferation. However, targeting
ns individually can be compensated for by bypass mechanisms and activation of regulatory loops. Design-
timal therapeutic combinations must therefore take into consideration the complex dynamic networks in
ll. In this study, we analyzed the insulin-like growth factor (IGF-1) signaling network in the MDA-MB231
cancer cell line. We used reverse-phase protein array to measure the transient changes in the phosphor-
of proteins after IGF-1 stimulation. We developed a computational procedure that integrated mass ac-
odeling with particle swarm optimization to train the model against the experimental data and infer the
wn model parameters. The trained model was used to predict how targeting individual signaling proteins
the rest of the network and identify drug combinations that minimally increased phosphorylation of

proteins elsewhere in the network. Experimental testing of the modeling predictions showed that optimal
ombinations inhibited cell signaling and proliferation, whereas nonoptimal combination of inhibitors
sed phosphorylation of nontargeted proteins and rescued cells from cell death. The integrative approach
increa

described here is useful for generating experimental intervention strategies that could optimize drug combina-
tions and discover novel pharmacologic targets for cancer therapy. Cancer Res; 70(17); OF1–11. ©2010 AACR.
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signaling networks are complex systems that integrate
ation from the cellular environment (1–5). Maps of
ex networks were derived by interconnecting the indi-
pathways obtained from experimental data (6, 7).
studies revealed that signaling networks contain nu-
s features, such as feedback and feedforward loops
nder it virtually impossible for the human
r how signals are integrated within the path-
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Thus, computational approaches are needed to eluci-
he regulatory properties of signaling networks (10–12).
eral groups have used ordinary differential equations
to analyze the dynamics of signaling networks and
te experimentally testable predictions (6, 13–17). The
f mass action ODE modeling, however, is impaired
se of incomplete knowledge about the concentrations
inetics of signaling intermediates.
rring the parameters for mass action modeling in sig-
networks is challenging. The most common approach
btain parameters from the literature and fit the models
experimental data to infer those that remain unknown
18–24). Unfortunately, the kinetic parameters reported
literature may differ by orders of magnitude, depend-
experimental conditions. Thus, it is difficult to deter-
whether discrepancies between computational and
mental data are due to inaccurate measures or incom-
modeling. Parameter estimation can be effectively
plished using optimization methods, which enable
itative model fitting to experimental data (25–31).
ver, the experimental techniques used to measure the
y of signaling proteins mainly provide qualitative or
uantitative data. Optimization strategies are thus need-
identify sets of model parameters that equally fit the
ative experimental data.
ther challenge in the analysis of signaling networks is
entification of optimal target combinations. The most

on methods of computational target identification are
on formulating mathematical models and designing
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Qui k Guide To Equations And Assumptions
Mas action modeling
Th dynamics of the IGFR network inMDA-MB231 cellswere described using amass actionmodel of ODEs formulated as follows:
St p 1: The pathways comprising the IGFR network were reconstructed into a set of chemical reactions that described the

simp ified mechanisms of activation and inhibition of relevant proteins. For example, mitogen-activated protein kinase (MAPK)
phos horylation was assumed to be catalyzed byMAPK kinase [MAP/ extracellular signal-regulated kinase kinase (MEK)/MAPKK]
and ccurred through an enzymatic reaction:

MAPK þMEK�

kf
1

�! �
kr1

C

K2

�!MAPK� þMEK� ð1Þ

In eq ation 1, k1
f, k1

r, and K2 are the forward, reverse, and dissociation kinetic rate constants, respectively.
St p 2: The set of chemical reactions was transformed into a system of coupled ODEs by assuming that the dynamics of the

IGFR network obeyed the law of mass action. Specifically, the accumulation rate of the concentration of the ith signaling inter-
med te was expressed as the difference between its net rates of production (rp,i) and consumption (rc,i). Thus, the accumulation
rate f the concentration of MEK* was expressed as follows:

dMEK�

dt
¼

X
rp;MEK� �

X
rc;MEK� ¼ �kf1 ½MAPK	½MEK�	 þ kr1 þK2

� �½C	 ð2Þ

In eq ation 2, [MAPK], [MEK*], and [C] denote the concentration of MAPK, MEK* and C, respectively.
Th list of chemical reactions that described the consensus activation and inhibition mechanisms of proteins involved in the

IGFR network and the corresponding system of ODEs are listed in Supplementary Material S1. To implement mass action mod-
eling it was necessary to infer the unknown model parameters, which are the kinetic rate constants and the initial concentra-
tion of the proteins. In this regard, we trained the mass action model against transient data measured by RPPA using PSO. We
selec ed PSO because of its superior ability to converge to more optimal solutions compared with other optimization algorithms
(see iscussion).

Part cle swarm optimization
PS is a stochastic algorithm that mimics the behavior of swarms of animals that search for food (36). Particles in the swarm

have position xij, a velocity vij, and a fitness fi, in which i and j represent the number of particles and the dimension of the space
solu on, respectively. Each particle remembers its best position xij

L locally and the best position xj
G globally reached by the entire

swar . During the iterative search for food, particles update their position and velocities to improve their fitness according to the
follo ing rules:

�ijðtþ 1Þ ¼ !�ijðtÞ þ c1r1 xLijðtÞ � xijðtÞ
h i

þ c2r2 xG
j ðtÞ � xijðtÞ

h i

xijðtþ 1Þ ¼ xijðtÞ þ �ijðtÞ ð3Þ

In eq ations 3, ω is the inertia factor; r
1 and r2 are two random numbers uniformly distributed in the interval [0,1]; and c1 and c2

are t e coefficients of self-recognition and social component (see ref. 37 and Supplementary Material S2 for details on parameters
in eq ations 3).

In ur settings, the particle positions represented the unknown parameter values used in the mass action model to generate
com utationally the time courses of proteins that are measured by RPPA; the particle velocities denoted the extent to which the
para eter values were iteratively changed; and the particle fitness was defined as the distance between the time courses of pro-
teins xperimentally and computationallymeasured. Model parameters were randomly initialized and iteratively changed accord-
ing t equation 3 until the distance between the time courses of the measured and predicted proteins was minimal (i.e., optimal
fitne s). The distance between computed and measured time courses was evaluated using the SD-weighted square error:

SqE ¼
Xr

j¼1

Xs
i¼1

~ymij � ycij

h i2

 ymij

� � ð4Þ

In eq ation 4, γem
ij and σ(γ ij

m) represent the mean and SD, respectively, of the proteins measured by RPPA, whereas yij
c denotes

the p otein levels computed using the mass action model. Moreover, s represents the total number of data points comprising a
sing time course, and r is the total number of time courses. PSOwas implemented tominimize the SD-weighted square error and
train

Iadevaia et al.
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the mass action model against RPPA data to estimate the unknown model parameters.
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ention strategies through environmental, genetic, and
ing perturbations (32–34). This approach can predict
ect of available drugs on signaling network dynamics,
does not facilitate the search for drug combinations
ould optimally inhibit aberrant signaling. Another
y is to integrate mass action modeling with simulated
ling into a multiple-target optimal intervention (35).
se this approach is computationally expensive, alterna-
ocedures are needed to enable the rapid search for tar-
disease-related networks.

this study, we used reverse-phase protein array
) to measure the transient response of the MDA-
1 breast cancer cell line after stimulation by insu-
e growth factor (IGF-1). The reason for choosing
F receptor (IGFR) network is 2-fold: There is a large
t of experimental data and biological resources al-
us to build a consensus network and experimentally

; components of this network are being targeted in
l clinical trials for cancer therapy, thus having clini-
plicability. We developed a computational procedure
tegrated mass action modeling with particle swarm
ization (PSO) to train the model against normalized
courses of phosphorylated proteins in MDA-MB231
nd infer sets of unknown model parameters that
y fit the measured data. The trained mass action
was used to predict the effect of a targeted pertur-
and tested using experimental data. The trained and
mass action model was then used to identify the

influential molecules responsible for aberrant cell sig-
and determine the optimal combinations of inhibi-
nd small interfering RNAs for inhibiting abnormal
ing in MDA-MB231 cells. Immunoblotting and cell vi-
assay were then used to test and validate the effect
g combinations predicted by the mass action model.
tegrative approach is useful for generating experi-
l intervention strategies that could optimize drug
nations and discovering novel pharmacologic targets
ncer therapy.

rials and Methods

ulture and stimulation
human MDA-MB231 breast cancer cell line (K-Ras

-Raf mutants) was purchased from the America Type
e Collection (ATCC). The cell line was validated by
NA fingerprinting using the AmpFlSTR Identifiler kit
ed Biosystems). The STR profiles were compared with
ATCC fingerprints (http://www.atcc.org/) and to the

ine Integrated Molecular Authentication database ver-
.1.200808 (38). Cells were cultured in RPMI supplemen-
ith 5% fetal bovine serum. Cells were serum starved
ght and then subjected to treatment with 75 ng/mL
(Cell Signaling Technology). For RPPA, cells were
ated with 10 μmol/L U0126 (Promega) for 4 hours,
ed by IGF-1 stimulation for 5, 15, 30, 60, 90, or 120 min-
For immunoblotting, cells were pretreated with

ol/L U0126, 50 μmol/L LY294002 (Calbiochem-

Biochem Corp.) and 50 nmol/L rapamycin (Calbiochem-
Figu

MB23

acrjournals.org
Biochem Corp.), individually or combined, for 1 hour,
ed by IGF-1 stimulation for 5 or 60 minutes. For RPPA
mmunoblotting, controls were incubated for the
ponding times with DMSO.

odies
following antibodies were used for RPPA and immu-
tting: anti–phospho-MAPK (T202/Y204), anti–phos-
SK3 (S21/S9), anti–phospho-AKT (ser473), anti–
ho-TSC2 (T1462), anti–phospho-mammalian target
pamycin (mTOR; S2448), anti–phospho-P70S6K
), anti-MAPK (p44/42), anti-AKT, anti-TSC2 (28A7),
TOR, anti-P70S6K, and anti-actin were from Cell Sig-
Technology; and anti-GSK3 was from Santa Cruz

hnology, Inc.

noblotting
unoblotting was performed using standard procedures.

se-phase protein array
al diluted lysates were arrayed on nitrocellulose-coated
slides (Whatman) using the Aushon 2470 Arrayer
on Biosystems). Each slide was probed with a primary
dy plus a biotin-conjugated secondary antibody. The
was amplified using the DakoCytomation-catalyzed
(DAKO) and visualized using a 3,3′-diaminobenzidine

metric reaction. The slides were scanned, analyzed, and
ified using the customized Microvigene software (Vig-
ch, Inc.) to measure spot intensity. Each dilution curve
tted with the logistic model “Supercurve Fitting” (39).
ean values of the protein levels in the nonstimulated
ere used to normalize the time courses of the phos-
lated proteins measured in IGF-1–stimulated cells.

al violet cell viability assay
bility assay was performed using standard procedures.
ere treated for 3 days with the following: U0126 (concen-
of 0.1–100μmol/L), LY294002 (concentration of 0.1–100
L), or rapamycin (concentration of 0.1–100 nmol/L);
nation of U0126 (concentration of 0.5–50 μmol/L) and
002 [fixed at its quarter maximal effective concentration
value of 3.8 μmol/L] or rapamycin (fixed at its EC25 val-
.1 nmol/L); and combination of U0126 (fixed at its EC25

of 3.5 μmol/L) and rapamycin (concentration of 0.5 to 50
L). Corresponding controls were incubated with DMSO.
C25 of each inhibitor was estimated (Supplementary Ma-
S3) using Microsoft GraphPad Prism.

utational procedures
aterial S2.

lts

1 signaling detection by RPPA

re 1A shows the IGFR signaling network in the MDA-
1 cell line. Signal transduction is originated when IGF-1

Cancer Res; 70(17) September 1, 2010 OF3
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1. A, IGFR signaling network topology in the MDA-MB231 cell line. Nodes, proteins; edges, protein interactions; red arrows, protein activation;
een plungers, protein inactivation. B, protein profiles were measured on RPPA in triplicate. The mean protein profiles of non–IGF-1-stimulated
ere used as controls for normalization. Circles, mean of the normalized protein profiles; bars, SD. Normalized time courses were computationally
ted using the trained mass action model. Solid red lines, the mean time courses of the trajectories that equally fit the experimental data; dashed

lines, the fitting variability. C, histogram of model parameter regimens clustered according to the coefficient of variation (CV = SD/mean).
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exes with IGFR and triggers IGFR autophosphorylation
hosphorylated IGFR propagates the signal downstream
h the MAPK and phosphoinositide-3-kinase (PI3K)
ays, and leads to MAPK and protein kinase B (PKB/
phosphorylation (4, 5). The signals from the MAPK
3K cascades are routed to the mTOR pathway through
us sclerosis (TSC2) inactivation (1). Phosphorylated
activates protein S6 kinase of 70 kDa (p70S6K), which

vates the insulin receptor substrate (IRS-1) through
tive feedback loop (41). A detailed description of the
rk topology is provided in Supplementary Material
e used RPPA (42–46) to determine the changes in the
horylation of proteins in the IGFR network after IGF-1

ation. To account for the intrinsic variability of these
, all experiments were performed in three independent

the le
tially

r for 4 h.

acrjournals.org
s. Figure 1B shows the time courses of the measured
horylated proteins; the curves show the protein fold
e over the corresponding controls (Materials and
ds). After IGF-1 stimulation, the level of phospho-
eaked at 30 minutes (28-fold increase) and then settled
d a lower level at 120 minutes (18-fold increase).
trast, signal transduction across the MAPK cascade
ned essentially unchanged likely as a result of MAPK
tutive activation driven by K-Ras and B-Raf muta-
in MDA-MB231 cells. AKT activation triggered glyco-
ynthase kinase (GSK3) and TSC2 downregulation
h phosphorylation, and TSC2 inactivation facilitated
ho-mTOR and phospho-p70S6K upregulation. Thus,

vels of p-GSK3, p-TSC2, p-mTOR, and p-p70S6K ini-
increased and then adjusted to stationary levels.
2. The effect of MEK inhibition
network dynamics. A, protein

of IGF-1–stimulated MDA-MB231
edicted by the trained mass action
Solid red lines, the protein time
of the noninhibited cells; solid

ines, the protein profiles of
hibited cells. B, protein
orylation in MDA-MB231 cell
after stimulation with 75 ng/mL
etected in triplicate by RPPA.
ircles and red lines, the protein
urses of noninhibited cells; solid
and green lines, the protein
of cells inhibited with MEK
Cancer Res; 70(17) September 1, 2010 OF5
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lementing mass action modeling with PSO
ss action modeling and model reduction. To predict
namics of the IGFR network after IGF-1 stimulation in
MB231 cells, we developed a mass action ODE model.
rmulation was based on a set of 77 chemical reactions
escribed the consensus activation and inhibition
nisms of proteins involved in the IGFR network. The
ng mass action model was structured into 127 ODEs
13 unknown parameters. To decrease the complexity
model, we developed a reduced version of the original
. The 77 chemical reactions were reduced to a subset
reactions to describe the simplified interaction
nisms of the most relevant species in the IGFR net-
and the original model was reduced to 65 ODEs and
odel unknowns (Supplementary Material S4). We
and validated the ability of the reduced model to

ately describe IGFR dynamics by showing that the pro-
rofiles predicted by the reduced model matched those
ted by the original model for randomly selected sets of
eters (Supplementary Material S5). Therefore, through-
e article, we exclusively used the reduced model to pre-
e dynamics of IGFR signaling network.
el training. The measured time course data of pro-
in MDA-MB231 cells contain relevant information
the regulatory loops comprising the IGFR network.
ploit this information to optimally inhibit aberrant
ays, we used PSO to fit the model to the time courses
KT, p-MAPK, p-GSK3, p-mTOR, p-p70S6K, and p-TSC2
ns and infer the 161 unknown parameters. Studies
hed in the literature typically use only two or three
ut” molecules to fit ODE models to experimental data
fer unknown parameters (14, 15, 26). In our study, we
d our model using six readout proteins and 126 expe-
tal data points combined into a scalar fitness.
ause of the substantial degree of uncertainty in param-
timation, fitting mass action models to the qualitative
easured on RPPA required the identification of multi-
jectories that equally resembled the measured protein
s. Using the integrative mass action modeling PSO
ure, we identified 10 sets of model parameters that
y fit the measured data (Supplementary File S1). We
terized the parameter regimens by ranking the para-
s according to their coefficient of variation (CV) and
that 69% of them had a CV smaller than 1 (Fig. 1C).
lculated the means and SD of the identified trajectories
resent the entire set and the fitting variability. Figure 1B
the mean trajectories and the fitting variability

ied by the mass action model, which had been trained
PSO against normalized protein profiles measured on
after IGF-1 stimulation of MDA-MB231 cells. The
tion results indicated that the integrative procedure
ately fit the time courses of all measured proteins.
del testing. To determine the ability of the trained
to correctly generate responses to perturbations that
ot been explicitly included in the training data set, we
t to predict the dynamics of the IGFR network after

ion of MEK. Figure 2A shows the transient IGFR sig-
response to targeted MEK inhibition, as predicted by

with 75
Numeri
variatio

r Res; 70(17) September 1, 2010
ined mass action model. MEK inhibition led to signif-
downregulation of its immediate downstream effector,
K. Inhibition of p-MAPK attenuated the inhibition of
through direct interaction and through the p70S6K
ck loop. Consequently, p-AKT was upregulated. Acti-
of p-AKT increased the level of p-TSC2 but did not
the level of p-mTOR or GSK3. Signals from the MAPK
TOR cascades were integrated into the p70S6K path-
nd led to p-p70S6K downregulation.
computational results were experimentally tested
an independent set of 252 data points measured by
. Figure 2B shows the levels of p-AKT, p-MAPK,
3, p-mTOR, p-p70S6K, and p-TSC2 detected in tripli-
n IGF-1–stimulated MDA-MB231 cells in the absence
MEK inhibitor and after 4 hours of incubation with
EK inhibitor. The experimental data indicated that
inhibition increased p-AKT and p-TSC2 levels, de-
d p-MAPK and p-p70S6K levels, and slightly decreased
3 levels but had no significant effect on p-mTOR levels.
e the limited discrepancy between the computed and
red profiles of p-GSK3, the experimental results ade-
ly matched those predicted by the model. Therefore,
ined mass action model correctly predicted the effect
K inhibition on IGFR dynamics.

cting inhibition of targeted molecules
how to select drugs with the ability to inhibit the

3. The effect of single-molecule inhibition on IGFR signaling in
B231 cells. Differential levels of proteins in single molecule–
d versus noninhibited MDA-MB231 cells after 2 h of stimulation
ng/mL IGF-1 were predicted using the trained mass action model.

cal values were converted to log10. Blue, inhibition; white, no
n; red, activation.
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ays measured in MDA-MB231 cells, we used the
d and tested mass action model to predict the re-
e of the IGFR network after molecules in the net-
had been individually inhibited (Supplementary
ial S6). Figure 3 and Supplementary Material S6 show
fferential levels of proteins in inhibited versus nonin-
MDA-MB231 cells after IGF-1 stimulation, as pre-
by the mass action model for 3 of the 10 sets of
eters inferred using PSO (Supplementary File S2).
three sets were randomly selected to repeat the
tational analysis in triplicate. The modeling results
ted that targeting one molecule at a time may acti-
ontargeted molecules, likely as a result of feedback
ompensation. Thus, targeting a single molecule may

e sufficient to adequately inhibit aberrant signaling.
gh inhibition of molecules in the MAPK pathway

small
conce

acrjournals.org
redicted to activate the PI3K/AKT pathway, inhibi-
f intermediates comprising the PI3K/AKT pathway
redicted to activate the MAPK pathway. Because
pathways are often upregulated in many tumors
the combined inhibition of the MAPK and PI3K/
ascades emerged as a candidate strategy to inhibit
nt signaling in MDA-MB231 cells.
bined inhibition of targeted molecules. Predicting

sponse of IGFR networks to the inhibition of individual
ules may not necessarily identify optimal drug combi-
s for pharmacologic intervention. In contrast, perturb-
l molecules in the network simultaneously would
fy optimal combinations needed to inhibit aberrant
ing. From a computational point of view, the effect of
4. Combined inhibition of
d PI3K in MDA-MB231
and B, protein levels were
d in unstimulated cells in
ence of inhibition (columns
after 1 h of incubation with
K and/or PI3K inhibitors
s 2–4), and in cells
ted with IGF-1 in the
e of inhibition (column 5)
er 1 h of incubation with
K and/or PI3K inhibitors
s 6–8). Cells were
ted with 75 ng/mL IGF-1
in (A) or 60 min (B). C and
ity of the bands after
interfering RNAs can be mimicked by varying the initial
ntration of signaling proteins. The effect of the drug

Cancer Res; 70(17) September 1, 2010 OF7
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tor can be approximately simulated by varying the
of rescaled kinetic rate constants, such as in the clas-
mple of competitive inhibition (48). Integrating mass
modeling with a random sampling of kinetic con-
(inhibitors) and initial protein concentrations (small
ring RNAs) within predefined intervals of values would
rovide an unbiased, unsupervised means of computa-
y predicting the effect of simultaneously perturbing all
ules in the IGFR network (computational procedures).
binations of signaling targets were identified by com-
the model parameters inferred using PSO from data
red in MDA-MB231 cells with randomly sampled mod-

ameters that could restore user-defined signaling out- was r

r Res; 70(17) September 1, 2010
red time courses of p-AKT, p-MAPK, and p-p70S6K as
nt, as these proteins are often upregulated in many
s (47). We defined the state at which p-AKT, p-MAPK,
-p70S6K levels were inhibited by at least 5-fold as
efined signaling output. To obtain reliable results, we
fied 200 collections of combined perturbations (Supple-
ry File S3) that restored the user-defined signaling
es in MDA-MB231 cells for the sets of parameters listed
plementary File S2.
most influential targets were scored according to
solute value of the median deviation to the SD ratio
lementary Table S1). The computational analysis

epeated in triplicate using the same three randomly

ed to predict individual

ure
K an
s. A
ecte
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aft
ME
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ME
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sity
malization with respect to actin.
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d mTOR in MDA-MB231
and B, protein levels were
d in unstimulated cells in
ence of inhibition (column 1)
er 1 h of incubation with
K and/or mTOR inhibitors
s 2–4), and in cells
ted with IGF-1 in the
e of inhibition (column 5)
er 1 h of incubation with
K and/or mTOR inhibitors
s 6–8). Cells were
ted with 75 ng/mL IGF-1 for
A) or 60 min (B). C and D,
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al inhibition of aberrant signaling through combined
tion of the MAPK and PI3K pathways was correlated
ecreased cell viability. In contrast, nonoptimal com-
targeted inhibition led to inadequate inhibition of
naling networks and increased cell viability.

ssion

grating mass action modeling with optimization
es is a quantitative approach to train ODE models us-
perimental data and identify optimal drug combina-
that can inhibit signaling networks. PSO converged
re optimal solutions than did other optimization algo-
, including simulated annealing and genetic algorithms.
mentary Table S3 summarizes the performance of the
algorithms in training the reduced mass action model
t time courses of proteins (Supplementary File S4). Each
tion was repeated three times with different random
of the reduced model unknown parameters.
most simple and intuitive strategy to inhibit aberrant

rks consists of inhibiting the input sources that trigger

al inhibition of IGFR could
Rece

OnlineF

'ayan A, Jenkins SL, Neves S, et al. Formation of regulatory
tterns during signal propagation in a Mammalian cellular network.
ience 2005;309:1078–83.

9. Alo
Re

10. Bh
mo

11. Ju
ing
loo

12. Ald
ch
11

13. Bh
of
Sc

14. Bir
Kh
ne
3:1

r Res; 70(17) September 1, 2010
e user-defined pathways in MDA-231 cells. However,
tutive p-MAPK activation driven by K-Ras and B-Raf
ions impairs this approach. The experimental results
in Figs. 4 and 5, and the computational results shown
. 3 also suggest that individual inhibition of targeted
ules frequently does not optimally inhibit cell signaling.
e effective inhibition of aberrant signaling is accom-
d through multiple combined inhibitions of targeted
ules. The experimental results shown in Figs. 4 to 6 in-
that combined inhibition of the MAPK and PI3K/AKT
ays optimally inhibited the signaling networks and
sed cell viability. In contrast, combined inhibition of
APK and mTOR cascades led to significant activation
KT and increased cell viability. Although several other
s and pathways may potentially regulate the viability of
DA-231 cells, the experimental results indicated that
aneous inhibition of the MAPK and PI3K/AKT path-
as sufficient to significantly reduce cell proliferation.
onclusion, we propose a computational procedure that
used to rapidly generate experimentally testable inter-
n strategies that may lead to an optimal use of avail-
rugs and the discovery of novel signaling targets. The
dure is currently being used to identify and validate
ombinations that can inhibit aberrant networks in a
of human cancer cell lines.

osure of Potential Conflicts of Interest

otential conflicts of interest were disclosed.

Support

devaia was supported in part by a training fellowship from the
coinformatics Training Program of the Keck Center of the Gulf Coast
ia (NIH grant 5 T90 DK070109-04). This study was supported by the
Center for Molecular Markers, NIH P01CA099031, and The Komen
tion (G.B. Mills), and DOD BC044268 and NIH R01CA125109 (P.T. Ram).
costs of publication of this article were defrayed in part by the payment
charges. This article must therefore be hereby marked advertisement in
nce with 18 U.S.C. Section 1734 solely to indicate this fact.
ived 02/23/2010; revised 07/02/2010; accepted 07/05/2010; published
irst 07/19/2010.
transduction. Thus, individu
rences
nning BD, Cantley LC. AKT/PKB signaling: navigating down-
eam. Cell 2007;129:1261–74.
llschleger S, Loewith R, Hall MN. TOR signaling in growth and
tabolism. Cell 2006;124:471–84.
ger R, Krebs EG. The MAPK signaling cascade. FASEB J 1995;9:
–35.
hlessinger J. Cell signaling by receptor tyrosine kinases. Cell
00;103:211–25.
rich A, Schlessinger J. Signal transduction by receptors with tyro-
e kinase activity. Cell 1990;61:203–12.
alla US, Iyengar R. Emergent properties of networks of biological
naling pathways. Science 1999;283:381–7.
ng G, Bhalla US, Iyengar R. Complexity in biological signaling
tems. Science 1999;284:92–6.
n U. Network motifs: theory and experimental approaches. Nat
v Genet 2007;8:450–61.
alla US. Understanding complex signaling networks through
dels and metaphors. Prog Biophys Mol Biol 2003;81:45–65.
stman QA, Serber Z, Ferrell JE, Jr., El-Samad H, Shokat KM. Tun-
the activation threshold of a kinase network by nested feedback
ps. Science 2009;324:509–12.
ridge BB, Burke JM, Lauffenburger DA, Sorger PK. Physico-
emical modelling of cell signalling pathways. Nat Cell Biol 2006;8:
95–203.
alla US, Ram PT, Iyengar R. MAP kinase phosphatase as a locus
flexibility in a mitogen-activated protein kinase signaling network.
ience 2002;297:1018–23.
twistle MR, Hatakeyama M, Yumoto N, Ogunnaike BA, Hoek JB,

olodenko BN. Ligand-dependent responses of the ErbB signaling
twork: experimental and modeling analyses. Mol Syst Biol 2007;
44.

Cancer Research



15. Mu
de
bif
MC

16. Tys
Na

17. Ty
reg

18. Alo
ch

19. Ba
Na

20. Bo
mo
tio

21. Ed
ich
da

22. Elo
tion

23. Fu
pa

24. Ga
sw

25. Ba
miz
ma

26. Ch
Erb
aga

27. He
Be
thr

28. Mo
ica
Ge

29. Ro
for
wa

30. Sw
cat
sig
100

31. Wa
tio
Mo

32. Ara
cha
Re

33. Ra
pa

34. Sc
mo
su
37

35. Ya
op
Bio

36. Ke
the
Au

37. Ab
tive
Stu

38. Ro
Ce
mo
20

39. md
Ca
ma

40. Va
ba

41. Ea
eff

42. Sh
mi
ne
mi

43. Tib
of
leu
20

44. Mi
kin
mi
Re

45. Ste
ge
mu

46. Go
rec
sis

47. He
PI3

Integrative Identification of Optimal Drug Combinations

www.a
ller M, Obeyesekere M, Mills GB, Ram PT. Network topology
termines dynamics of the mammalian MAPK1,2 signaling network:
an motif regulation of C-Raf and B-Raf isoforms by FGFR and
1R. FASEB J 2008;22:1393–403.
on JJ, Chen K, Novak B. Network dynamics and cell physiology.
t Rev Mol Cell Biol 2001;2:908–16.
son JJ, Csikasz-Nagy A, Novak B. The dynamics of cell cycle
ulation. Bioessays 2002;24:1095–109.
n U, Surette MG, Barkai N, Leibler S. Robustness in bacterial
emotaxis. Nature 1999;397:168–71.
rkai N, Leibler S. Robustness in simple biochemical networks.
ture 1997;387:913–7.
man BM, Fields JZ, Bonham-Carter O, Runquist OA. Computer
deling implicates stem cell overproduction in colon cancer initia-
n. Cancer Res 2001;61:8408–11.
wards JS, Ibarra RU, Palsson BO. In silico predictions of Escher-
ia coli metabolic capabilities are consistent with experimental
ta. Nat Biotechnol 2001;19:125–30.
witz MB, Leibler S. A synthetic oscillatory network of transcrip-
al regulators. Nature 2000;403:335–8.

ssenegger M, Bailey JE, Varner J. A mathematical model of cas-
se function in apoptosis. Nat Biotechnol 2000;18:768–74.
rdner TS, Cantor CR, Collins JJ. Construction of a genetic toggle
itch in Escherichia coli. Nature 2000;403:339–42.
lsa-Canto E, Peifer M, Banga JR, Timmer J, Fleck C. Hybrid opti-
ation method with general switching strategy for parameter esti-
tion. BMC Syst Biol 2008;2:26.
en WW, Schoeberl B, Jasper PJ, et al. Input-output behavior of
B signaling pathways as revealed by a mass action model trained
inst dynamic data. Mol Syst Biol 2009;5:239.
gger R, Kantz H, Schmuser F, Diestelhorst M, Kapsch RP,
ige H. Dynamical properties of a ferroelectric capacitor observed
ough nonlinear time series analysis. Chaos 1998;8:727–36.
les CG, Mendes P, Banga JR. Parameter estimation in biochem-
l pathways: a comparison of global optimization methods.
nome Res 2003;13:2467–74.
driguez-Fernandez M, Mendes P, Banga JR. A hybrid approach
efficient and robust parameter estimation in biochemical path-
ys. Biosystems 2006;83:248–65.
ameye I, Muller TG, Timmer J, Sandra O, Klingmuller U. Identifi-
ion of nucleocytoplasmic cycling as a remote sensor in cellular
naling by databased modeling. Proc Natl Acad Sci U S A 2003;
:1028–33.
ng CC, Cirit M, Haugh JM. PI3K-dependent cross-talk interac-
ns converge with Ras as quantifiable inputs integrated by Erk.
l Syst Biol 2009;5:246.

ujo RP, Liotta LA, Petricoin EF. Proteins, drug targets and the me-
nisms they control: the simple truth about complex networks. Nat
v Drug Discov 2007;6:871–80.

20
48. Ne

Ne

acrjournals.org
jasethupathy P, Vayttaden SJ, Bhalla US. Systems modeling: a
thway to drug discovery. Curr Opin Chem Biol 2005;9:400–6.
hoeberl B, Eichler-Jonsson C, Gilles ED, Muller G. Computational
deling of the dynamics of the MAP kinase cascade activated by
rface and internalized EGF receptors. Nat Biotechnol 2002;20:
0–5.
ng K, Bai H, Ouyang Q, Lai L, Tang C. Finding multiple target
timal intervention in disease-related molecular network. Mol Syst
l 2008;4:228.
nnedy J, Eberhart R. Particle swarm optimization. Proceedings of
fourth IEEE International Conference on Neural Networks. Perth,

stralia: IEEE Service Center; 1995, p. 1942–8.
raham A, Guo H, Liu H. Swarm intelligence: foundations, perspec-
s and applications. In: Nedjah N, de Macedo Mourelle L, editors.
dies in Computational Intelligence. Springer; 2006, p. 2–25.
mano P, Manniello A, Aresu O, Armento M, Cesaro M, Parodi B.
ll Line Data Base: structure and recent improvements towards
lecular authentication of human cell lines. Nucleic Acids Res
09;37:D925–32.
anderson.org. Houston: The University of Texas MD Anderson
ncer Center. [cited 2010 Feb 23]. Available from: http://bioinfor-
tics.mdanderson.org/OOMPA/.
strik I, D'Eustachio P, Schmidt E, et al. Reactome: a knowledge
se of biologic pathways and processes. Genome Biol 2007;8:R39.
ston JB, Kurmasheva RT, Houghton PJ. IRS-1: auditing the
ectiveness of mTOR inhibitors. Cancer Cell 2006;9:153–5.
eehan KM, Calvert VS, Kay EW, et al. Use of reverse phase protein
croarrays and reference standard development for molecular
twork analysis of metastatic ovarian carcinoma. Mol Cell Proteo-
cs 2005;4:346–55.
es R, Qiu Y, Lu Y, et al. Reverse phase protein array: validation
a novel proteomic technology and utility for analysis of primary
kemia specimens and hematopoietic stem cells. Mol Cancer Ther
06;5:2512–21.
rzoeva OK, Das D, Heiser LM, et al. Basal subtype and MAPK/ERK
ase (MEK)-phosphoinositide 3-kinase feedback signaling deter-
ne susceptibility of breast cancer cells to MEK inhibition. Cancer
s 2009;69:565–72.
mke-Hale K, Gonzalez-Angulo AM, Lluch A, et al. An integrative
nomic and proteomic analysis of PIK3CA, PTEN, and AKT
tations in breast cancer. Cancer Res 2008;68:6084–91.
nzalez-Angulo AM, Stemke-Hale K, Palla SL, et al. Androgen
eptor levels and association with PIK3CA mutations and progno-
in breast cancer. Clin Cancer Res 2009;15:2472–8.
nnessy BT, Smith DL, Ram PT, Lu Y, Mills GB. Exploiting the
K/AKT pathway for cancer drug discovery. Nat Rev Drug Discov
05;4:988–1004.
lson DL, Cox MM, editors. Lehninger principles of biochemistry.

w York: Worth Publishers; 2000.

Cancer Res; 70(17) September 1, 2010 OF11


