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A General Network Pharmacodynamic Model–Based
Design Pipeline for Customized Cancer Therapy Applied
to the VEGFR Pathway
X-Y Zhang1, MR Birtwistle1 and JM Gallo1

A unified approach to optimize multidrug chemotherapy using a pharmacokinetic (PK)/enhanced pharmacodynamic model was
developed using the vascular endothelial growth factor receptor (VEGFR) signaling system. The base VEGFR network model,
characterized by ligand–receptor interactions, enzyme recruitment (Grb2-Sos, phospholipase C γ (PLCγ), and phosphoinositide-3
kinase (PI3K)), and downstream mitogen-activated protein kinase and Akt cascade activation, was linked to a sunitinib (VEGFR
inhibitor) PK model and underwent Sobol sensitivity analysis that revealed potential sunitinib-enhancing mechanisms. Drugs
targeting these mechanisms (a VEGF inhibitor, a PI3K inhibitor, a PLCγ inhibitor, and a mitogen-activated protein kinase inhibitor)
and sunitinib were input to optimization-based control analyses to design multidrug regimens that maintained 80% pERK
and pAkt inhibition for 28 days while minimizing drug dose. The resultant combination regimens contained both continuous
and discontinuous schedules, mostly at low doses, and were altered by oncogenic mutations. This pipeline of computational
analyses demonstrates how model-based methods can capture the complexities of drug action, tailor cancer chemotherapy,
and empower personalized medicine.
CPT: Pharmacometrics & Systems Pharmacology (2014) 3, e92; doi:10.1038/psp.2013.65; published online 15 January 2014
Recognition that cancer is as varied as the number of
patients has spawned new strategies to personalized therapy that have been mostly defined by genomic analyses to
select effective chemotherapy.1 Although this strategy may be
an advance, such genomic-based drug therapies necessarily rely on a static view of drug action, which in reality is a
dynamic, time- and drug concentration–dependent network of
biochemical reactions. This dynamic network of drug action,
while underpinned by genomic variables, supports a proteincentric approach to personalize chemotherapy. Pharmacodynamics (PDs) is vested in the use of protein-based models
but typically relies only on limited measurements of drug target inhibition and downstream effectors or biomarkers. This
traditional approach to building PD models is well poised to
broaden its scope to provide a systems pharmacological
view of drug action that has been referred to as enhanced
PD (ePD) modeling.2 How these models are applied to chemotherapy is the subject of the current investigation.
Traditional pharmacokinetic (PK)/PD models have been
extensively applied to drug research throughout the preclinical and clinical phases,3 and there have been excellent
examples of models that might be considered precursors of
ePD models.4,5 Important advances in systems-based modeling of cell signaling networks have been accomplished,
including those relevant to cancer, and recent efforts indicate the potential of systems pharmacology to characterize
drug action on a network scale.6–10 The current investigation
combines bottom-up ePD models with top-down PK models
with emphasis on their translational importance to multidrug
chemotherapy.

We focused on the vascular endothelial growth factor
receptor (VEGFR2) pathway since it is critical to tumor angiogenesis—a key contributor to tumor expansion and metastasis—and offers multiple targets for therapeutic intervention.11,12
VEGFR2, also known as flk-1/kinase insert domain receptor
(VEGFR), is activated upon binding to VEGF-A (VEGF), leading to the activation of extracellular signal-regulated kinase
(ERK) and Akt, and subsequently to the proliferation and
survival of not only endothelial cells but also many other cell
types. From a base VEGFR biochemical reaction network and
associated PK/ePD models, we applied a series of computational methods—Sobol sensitivity analysis and optimizationbased control—that led to tailored multidrug chemotherapy
regimens. This proposed sequence of computational analyses represents a tangible and flexible pipeline for using PK/
ePD models to empower personalized medicine.
RESULTS
The goal of the current paper is to demonstrate a computational pipeline that progresses from a base VEGFR network
model through PK/ePD models to optimization-based control
methods to propose potentially effective chemotherapy regimens that could be tailored to patients with a particular genomic
signature (Figure 1). Each of these steps is presented below.
Constructing a base VEGFR network model
A “base” biochemical network is proposed as a starting point
for the development of a “personalized” PK/ePD model and
can be constructed largely from existing knowledge about
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Figure 1 Flow chart of the protocol to implement pharmacokinetic/enhanced pharmacodynamic models to design multidrug combination
chemotherapy. Dashed arrow indicates where specific data can be input to tailor the biochemical network.

canonical signaling pathways and associated parameters.
Since it does not require a large amount of primary data, it
can facilitate more rapid exploration of signaling dynamics
that could indicate the likelihood of target inhibition and assist
in the design of laboratory studies for detailed parameter
estimation and identifiability analyses (e.g., what proteins to
measure and how often). Revision of a base biochemical network model into a personalized or tumor type–specific model
requires specific data (i.e., genomic or proteomic) and then
selection of particular drugs to allow a linked PK/ePD model
to be formulated. This specific data could result in a change
in the network topology (reactions) and/or parameters (initial
protein abundances and kinetic rate constants).
The base VEGFR biochemical network (Figure 2) is similar to many receptor tyrosine kinase networks and consists
of three main components: (i) ligand–receptor binding, dimerization, and autophosphorylation; (ii) membrane recruitment of key adaptors/enzymes (PI3K, phospholipase C γ
(PLCγ), and Grb2-Sos) to the phosphorylated, ligand-bound
receptor dimer; and (iii) signaling to and feedback from two
main pathway end points, Akt and ERK. The base VEGFR
network model consisted of 40 biochemical reactions and
77 parameters constructed based on chemical kinetics (see
Supplementary Tables S1 and S2).11,13,14
The model includes synthesis of species which are irreversibly consumed via signal transduction, including VEGF,
VEGFR, and PIP(4,5)2 (see Supplementary Table S1). The
model accounts for ligand-induced VEGFR degradation.15
Upon ligand binding, VEGFR dimerizes, stimulating the intrinsic tyrosine kinase activity of the receptor, leading to receptor autophosphorylation. PI3K, PLCγ, and the growth factor
receptor bound 2-son of sevenless (Grb2-Sos) complex are
recruited to the plasma membrane by binding to VEGFR phosphotyrosines, and subsequently initiate signaling through a
variety of interlinked pathways impinging on ERK and Akt.
PI3K catalyzes the formation of PIP(3,4,5)3 from PIP(4,5)2
that is opposed by the phosphatase and tensin homolog
(PTEN) (which is often deleted in several cancer types). Generation of PIP3 leads to the membrane recruitment of phosphoinositide-dependent kinase 1 and Akt, with subsequent
Akt activation through phosphorylation.14 PLCγ catalyzes the
formation of diacylglycerol and inositol triphosphate from
PIP2.16 The canonical pathway of PLCγ signaling activates
CPT: Pharmacometrics & Systems Pharmacology

various protein kinase C isoforms via combinations of direct
diacylglycerol binding and inositol triphosphate–mediated
Ca2+ release.17 Active protein kinase C can phosphorylate
and inactivate raf kinase inhibitor protein, an inhibitor of ERK
pathway signaling that when unphosphorylated sequesters
Raf.18,19 
Diacylglycerol and inositol triphosphate also activate a class of guanine exchange factors called RasGRPs
that activate Ras by facilitating its conversion to a guanosine
triphosphate–bound form.18,20 Both RasGRP and Grb2-Sos
contribute to the production of RasGTP (SOS is also a guanine exchange factor). This is opposed by GTPase activating
proteins; a major GTPase activating protein that we consider
here is neurofibromatosis type 1 (also commonly deleted in
cancer).21 RasGTP recruits and activates Raf family kinases,
which in turn activate MEK and finally ERK and RSK.22
Feedback inhibition is an important mechanism in determining the robustness and stability of signaling. Three negative feedback mechanisms were included in the model:
ERK-mediated Raf inactivation,23,24 Akt-mediated PI3K downregulation,25 and Akt-induced decreased receptor tyrosine
kinase synthesis rates.26
Parameter selection for the base VEGFR network model
After the base VEGFR network model was constructed, we
sought a parameter set—kinetic constants and protein abundances that provided biologically plausible signaling behavior. Initial protein abundances, species synthesis/degradation
rates, and other kinetic parameters were adopted from the
literature (see Supplementary Tables S1 and S2).11,13,14 To
evaluate whether this set of parameters provided biologically
plausible signaling behavior, we simulated ligand-induced
pERK and pAkt signaling dynamics in response to “strong”
ligand stimulation (0.5 nmol/l VEGF).14 Previous nonquantitative western blot studies showed that pERK dynamics were
sustained in response to VEGF stimulation over a 3-hour time
course,27 which the model recapitulates (Figure 3a). This, of
course, does not validate the chosen parameter set—there
are surely many other parameter sets that also predict such
sustained behavior—but rather provides confidence that this
base model is capable of reproducing biologically reasonable
behavior. It is generally not known how to guarantee parametric identifiability of such mechanistic signaling models.
Despite this ubiquitous parametric uncertainty, key temporal
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Figure 2 Reaction network of the vascular endothelial growth factor receptor (VEGFR) signaling model. Double-sided line-head arrows
depict reversible binding reactions. Single-sided line-head arrows depict chemical transformation. Single arrow head toward the species
denotes synthesis. φ denotes degradation. Negative feedback is depicted with blue lines. The numbers correspond to the reactions shown
in Supplementary Table S1. DAG, diacylglycerol; GDP, guanosine diphosphate; IP3, inositol triphosphate; MEK, methyl ethyl ketone; NF1,
neurofibromatosis type 1; PDK, phosphoinositide-dependent kinase; PLCγ, phospholipase C γ; RKIP, raf kinase inhibitor protein.

outputs are typically robust to large changes in most parameters for this class of systems biology models, a property
called “sloppiness” that, to some extent, mitigates the problem that unidentifiable parameters cause, with respect to
reproducing biologically relevant behavior.28 Typical cell culture experiments to further constrain parameter values and
reduce uncertainty, as well as motivate changes in model
structure, involve monitoring dynamics of network species
(e.g., pERK and pAkt) in response to various doses of ligand
in the presence of drugs and biological manipulation (e.g.,
overexpression and knockdown of network protein).9 Translating these types of models to in vivo situations, which is
critical for systems pharmacology applications, will certainly
require similar types of perturbation experiments in live animals, which is typically not done but should be possible with
multiplex measurement techniques such as microwestern
arrays.29 Nonetheless, the results provided by global sensitivity analyses, which we use later, is robust to parameter
uncertainty and further provides confidence in inferences
drawn from the model despite parametric uncertainty.

Linking a PK model for sunitinb to the base VEGFR network model to create a PK/ePD model
The base VEGFR network model simulates signaling processes, but to understand drug effects, a PK model of
sunitinib was linked to it. The PK model parameters and
model-predicted sunitinib plasma concentrations are listed
in Supplementary Table S4 and Figure S1, respectively.
A single oral dose of sunitinib produced a maximum plasma
concentration of 42 nmol/l that is within the range previously
reported in patients.30 In the model, sunitinib binds to VEGFR
and prevents its phosphorylation, consistent with its competitive mode of action (see Supplementary Table S3). A single
50-mg dose of sunitinib inhibited VEGFR phosphorylation by
27% and both pAkt and pERK by ~45% at their respective
nadirs (Figure 3).
Global sensitivity analysis to identify potential drug
targets
To formulate hypotheses as to what biochemical mechanisms have the greatest control over the sunitinib-induced
www.nature.com/psp
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Figure 3 The kinetic profiles of the key designated outputs, pERK and pAkt, following (a) stimulation by the ligand (vascular endothelial growth
factor (VEGF) 0.5 nmol/l) for 3 hours and (b) administration of a single 50-mg dose of sunitinib; expressed as a percentage from baseline.

responses, thereby suggesting drugs that may be suitable
for customized chemotherapy regimens, we applied global
Sobol sensitivity analysis.31,32 Global methods are preferred because they are robust to the inherent parameter
uncertainty present in this class of models. Sobol sensitivity analysis quantitatively decomposes the total variance in
outputs-of-interest into the contributions by individual parameters and the interactions between parameters. It functions
by evaluating model outputs for a large number of different
parameter sets. We focus on “total effects” which quantify
the overall contribution of a particular parameter to the variance in an output-of-interest. The sum of total effects over all
parameters for a particular output is 1; therefore, the closer
to 1 a particular parameter’s total effect is, the larger the
contribution.
The outputs-of-interest for our model were the sunitinib-induced area between the baseline and effect curve
(Figure 4a),33 for pERK and pAkt, as these represent biologically relevant signaling states that control proliferation, survival, and migration. The time-integrated response provided
by the area between the baseline and effect curve is a measure of the overall drug effect. Figure 4b,c shows the most
significant total effects (>0.05) for pAkt or pERK. The confidence intervals (indicated by error bars) for these significant total effects were small relative to the total effect itself,
indicating that a sufficient number of parameter sets (~106)
were evaluated to draw reliable conclusions from the analysis. For the pAkt output, seven parameters had large total
effects with the rate constant for ligand–receptor complex
dimerization (k2f) having the largest influence, supporting
the use of a VEGFR dimerization inhibitor. Other important
CPT: Pharmacometrics & Systems Pharmacology

determinants of the area between the baseline and effect
curve for pAkt involved those related to the PI3K-catalyzed
PIP2 to PIP3 reaction (Km9, k8, k6f, and k6r) that supports the
use of a PI3K inhibitor. In contrast to pAkt, there were a
relatively large number of parameters (23) that had large
total effects on the pERK output. Again, the rate constant
for ligand–receptor complex dimerization had the greatest
effect and attests to the importance of receptor activation.
Examination of the many other parameters revealed other
opportunities for target inhibition; specifically, rate constant
k23 involved in Erk phosphorylation suggested the use of a
MEK inhibitor (although a Raf inhibitor may be equally considered based on k21), and the rate constants involved in
PLCγ-mediated PIP2 hydrolysis (Kmpg, kpg, k15f, k15r, and k4f)
supported the use of a PLCγ inhibitor. Despite the importance of the rate for the ligand–receptor complex dimerization (k2f) for the tested outputs, no drug or antibody is
routinely available that has definitive efficacy in phase III
clinical trials, although ramucirumab—an antibody binding
to the extracellular VEGF-binding domain of VEGFR—is furthest in development.34 Therefore, we instead choose bevacizumab, an antibody that binds and sequesters VEGF and
is used clinically.
In summary, the Sobol analysis was used to identify potential drug targets that led to the selection of the following drugs
for subsequent analysis: (i) an antibody to sequester VEGF,
bevacizumab;35 (ii) a PI3K inhibitor, BKM120;36 (iii) a MEK
inhibitor, AZD6244;37 and (iv) a PLCγ inhibitor. The PK parameters for each drug are provided in Supplementary Table S4,
and characteristic plasma concentration and PD profiles are
given in Supplementary Figure S1.
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Table 1 Dosing criteria and bounds for optimization-based control
Inhibition (% of baseline)

a

100

Dose limits
ABEC
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0
0

2

4

b
PIP3 dephosphorylation
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6
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Time (days)
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k8
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PI3K/2-V-VR-P dissociation

k6r

PI3K binding with 2-V-VR-P

k6f

2-V-VR phosphorylation

k3f

V-VR complex dimerization

k2f

Lower
bound

Upper Maximum
bound frequency

AZD6244

Oral

50 mg

100 mg Every
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Reference
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350 mg 1050 mg Two doses/
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Oral

50 mg

100 mg Every
24 hours

36

PLCγ
inhibitor

i.v.

2 µmol/l 10 µmol/l Every
24 hours
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Sunitinib

Oral

10 mg

100 mg Every
24 hours

30

i.v., intravenous; PLCγ, phospholipase C γ.
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Figure 4 Sobol sensitivity analyses. (a) A generic illustration of the
area between the baseline and effect curve (ABEC), total-order
sensitivity indices for (b) pAkt and (c) pERK for the most significant
parameters; error bars indicate bootstrap confidence intervals.

Optimization-based control to design chemotherapy
regimens
Given the potential drug choices above, an optimizationbased control method was used to design effective multidrug,
28-day regimens. The absolute dosing criteria for the five
considered drugs are given in Table 1. Because the absolute doses of all the drugs widely varied, a “relative dose”
((D–Dlb)/(Dub–Dlb)) was defined to visualize each drug on
the same relative scale. When relative dose is 0, the drug
is being dosed at its lower bound (Dlb), and when relative
dose is 1, the drug is being dosed at its upper bound (Dub).
For each day of the 28-day cycle, the controller determined
whether to administer each drug or not, and if so, the magnitude of the dose by minimizing an objective function with a
genetic algorithm. The objective function to minimize (see Eq.
1 in the Supplementary Methods) consisted of an efficacy

and penalty term. Efficacy was defined as 80% inhibition of
both pERK and pAkt at 24 hours. The criteria that both pERK
and pAkt were inhibited by 80% at 24 hours were partially
arbitrary—another percentage could have been chosen—
yet is consistent with prevailing analyses that showed this
degree of inhibition correlated to patient responses.38 The
penalty function was based on dose intensity, which is simply a proxy for drug-induced toxicity. Here, again, this function could be modified to reflect specific toxicities, although
the current dose intensity penalty is simple and sensitive to
prevailing clinical guidelines on maximum doses. Since this
was a nonlinear and stochastic optimization problem, several
independent runs of the genetic algorithm were evaluated for
coherence among the dosing regimens (see S
 upplementary
Figures S2 and S4).
The first optimization-based control analysis was completed with the assumption that sunitinib would be administered every day during the 28-day cycle. From a representative
result (Figure 5a,b) of the multiple independent runs (see
Supplementary Figure S2), a pattern of drug administration,
being more continuous for some drugs and discontinuous for
others, can be discerned and supports the robustness of the
approach (Table 2). The MEK inhibitor AZD6244 is dosed
more frequently and the PLCγ inhibitor less frequently. Only a
single first day dose of the PI3K inhibitor BKM120 was used,
whereas bevacizumab was not used at all. In addition, the
relative doses of any drug were typically less than 0.5. The
profiles of pERK and pAkt (Figure 5b) indicate variable patterns of signaling activity with peaks and troughs, particularly
for pERK, yet all remain below the 80% inhibition criteria.
When the requirement that sunitinib be administered daily
was relaxed, the relative frequency of drug administration
remained similar (see Supplementary Figure S3A,B). This
indicates that sunitinib is an effective signaling inhibitor given
this particular PK/ePD model.
One of the main attractive features of the proposed
approach is the ability to incorporate patient-specific mutation information. Therefore, we analyzed three additional
cases of common cancer mutations—loss of neurofibromatosis type 1,21 activating PI3K mutation,39,40 and loss of
PTEN.41 Loss of neurofibromatosis type 1 (100-fold underexpression) should increase flux through the ERK pathway.
This was reflected by the controller proposing higher doses
www.nature.com/psp
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of AZD6244 (see Supplementary Figures S3C,D and S4A)
given daily along with sunitinib; neither bevacizumab nor
the PLCγ inhibitor were selected by the optimization-based
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controller (Table 2 and Supplementary Figures S3C,D and
S4A). We modeled PI3K mutation by increasing its catalytic
activity threefold.42 This PI3K mutation caused small changes
to the dosing schedules as compared with the base model
(Figure 5c,d and Supplementary Figure S4B). There was
still infrequent dosing of the PLCγ inhibitor and surprisingly
only one additional dose of the PI3K inhibitor, BKM120.
PTEN loss (100-fold underexpression) produced the most
divergent multidrug regimen (Figure 5e,f and Supplementary
Figure S4C). Day 1 included bevacizumab and BKM120 at
the maximum allowable doses, sunitinib near the maximum
dose, and a relatively high dose of AZD6244; only the PLCγ
inhibitor was not needed. The pAkt profile was not controlled
to 80% inhibition until day 3 that necessitated another dose of
BKM120 on day 2; subsequent maintenance of 80% inhibition
was achieved with mostly single agent sunitinib, although at
higher than normal doses. Again, the PI3K inhibitor BKM120
is not preferred in this network despite mutations in the PI3K/
PTEN circuit, illustrating potential pitfalls of directly equating
genetic status with potential drugs.
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Burgeoning emphasis on personalized medicine necessitates
a comprehensive analysis of how this may be achieved. The
vast majority of approaches to personalized medicine reside
in the genomic domain that seeks to establish genomic signatures for particular cancer types and patients that provide
a prognostic course and chemotherapeutic options. Besides
the disconnect between genomic attributes of a tumor and
protein function that underlies drug action, genomic-based
approaches to cancer therapy do not consider the PK of the
drugs, and without linking PK and PD, they will be neither
precise nor quantitative. Not only will questions as to the
correct drug dose and frequency remain unanswered with
genomic-based approaches, key drug–drug interactions may
be neglected, including both antagonistic and synergistic
mechanisms. The premise of the current investigation was to
offer a pipeline of computational methods in the format of PK/
ePD models that offers a systems pharmacological approach
to personalized and precision medicine.
The linked PK/ePD modeling framework allows one to simulate how any species in the network model responds to drug
treatments; however, such simulations do not specify drug combinations, their doses, or the frequency of their administration
needed to achieve desired cellular responses. First, to narrow
the list of potential drugs to consider in the multidimensional
ePD model, a global sensitivity analysis of the combined PK/
ePD model was performed to reveal the key biochemical mechanisms that have significant control over model output. By using
global methods, the effects of nonidentifiable kinetic parameters
on sensitivity analysis results are greatly mitigated.43,44 These
Figure 5 Optimization-based control. (a,c,e) Selected pharma
cokinetic/enhanced pharmacodynamic model optimization-based
control multidrug regimen expressed as relative dose over a 28-day
treatment cycle and (b,d,f) the associated fractional response of
pERK and pAkt for three cases: (a,b) sunitinib dosed every day, (c,d)
base model with phosphoinositide-3 kinase activating mutation, and
(e,f) base model with mutated PTEN.
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Table 2 Optimization-based control of multidrug regimens in terms of
frequency of administration in a 28-day therapeutic cycle for “patients” with
different characteristics
Drug network
characteristics

PLCγ
AZD6244 Bevacizumab BKM120 inhibitor Sunitinib

Base
(sunitinib
required)

18/28

0/28

1/28

6/28

28/28

Base
(sunitinib
not required)

20/28

0/28

2/28

7/28

23/28

PTEN loss
(sunitinib
not required)

1/28

1/28

3/28

0/28

28/28

PI3K mutation
(sunitinib
not required)

18/28

0/28

2/28

5/28

23/28

NF1 loss
(sunitinib
not required)

28/28

0/28

3/28

0/28

15/28

NF1, neurofibromatosis type 1; PI3K, phosphoinositide-3 kinase;
PLCγ, phospholipase C γ.

key, sensitivity analysis–identified biochemical mechanisms
can be matched to drugs known to perturb the identified mechanisms, yielding a ranked list of potential drugs. Next, given
this list of drugs, an optimization-based controller—founded
on a cost function that represents a balance between efficacy
and toxicity—uses the PK/ePD model to simulate the effects of
various drug administration regimens and combinations over a
standard 28-day cycle of chemotherapy. The final output of the
controller is a tailored drug treatment protocol—which drugs,
their doses, and frequency of administration—that represents
the best-identified balance between efficacy (PD control) and
toxicity (here, dose intensity).
There are a number of interesting and unanticipated findings
from the optimization-based control analyses. Whether using
the base VEGFR ePD model or those modified by mutations,
the frequency of drug administration was characterized by
both near-continuous and discontinuous drug administrations.
Sunitinib and AZD6244 were selected for essentially daily treatment, whereas BKM120 and the PLCγ inhibitor were discontinuous, with BKM120 typically only being dosed on the first
day. Interestingly, it was recently found that such discontinuous
strategies may help to prevent the onset of resistance of B rapidly accelerated fibrosarcoma (BRAF)-mutated melanomas to
vemurafenib.45 Such choices are obviously dependent on model
parameters, and although the optimization-based control was
repeated multiple times to check for coherence of returned
regimens, model parameters were those extracted from the literature and not calibrated to an extensive data set for a specific
biological system. Certainly, specific data from tumors would
assist in constraining parameter values, and inferences that all
PI3K or PLCγ inhibitors would be required less frequently for
inhibition of ERK and Akt end points would be premature.
Another interesting finding is that the relative drug doses
were often <0.5 and close to the minimum in many cases—
except for the PTEN mutant case—and suggests that controller-coupled kinetic models of drug action are judicious
dispensers of medication. It should be appreciated that the
optimization is constrained by lower and upper bounds for

drug doses, and had we chosen different bounds and/or frequencies for dosing, the results could vary. The lower dose
limit for sunitinib at 10 mg/day was lower than standard dosing that is closer to 40 mg/day, yet the control analyses in
many cases choose doses near this lower limit. The input
dose ranges for the other drugs were more conservative
than the 10-fold dose range used for sunitinib, being 2-fold
for AZD6244 and BKM120 and 3-fold for bevacizumab. This
was consistent with the literature.30,36,37,46 Overall, the controller identified treatment regimens that were nonintuitive and
supports a computational modeling approach to tailor chemotherapy for individual patients.
Systems pharmacology offers a vision for translational medicine based on quantitative models of drug action, yet how this
could be done has not been standardized. The proposed pipeline (Figure 1)—from genomic data and a base biochemical
network to a tailored multidrug treatment regimen—will need
to be tested and validated with a multitude of experiments. This
can be achieved in the domain of preclinical tumor models in
which multiplex measurements can be obtained; however, the
steps—parameter selection/optimization, Sobol sensitivity, and
optimization-based control analysis—are reasonably straightforward and can be applied to large-scale models. As the field
and application of systems pharmacology to drug development
and therapy is rapidly emerging, it is hoped that the current
investigation will stimulate future research on integrating quantitative network models into clinical medicine.
METHODS
Constructing a base VEGFR network model. A biochemical
network for the VEGFR pathway was constructed from the
prevailing literatures.2,11,14,47,48 The ordinary differential equations were derived from the laws of mass action and enzyme
kinetics. This base model consisted of 40 biochemical reactions and 77 parameters (see Supplementary Data and
Tables S1 and S2).
Parameter selection for the base VEGFR network model. To
simulate the response of the base VEGFR model to VEGF
stimulation, we first equilibrated the model in the presence of
no ligand synthesis (simulated serum starvation) and then set
the VEGF concentration to a constant 0.5 nmol/l. The model
simulations were carried out using MATLAB (The MathWorks,
Natick, MA). Differential equations were integrated using the
function ode15s, which is a variable-order solver based on
the numerical differentiation formulas.
Linking a PK model for sunitinb to the base VEGFR network
model to create a PK/ePD model. A population-based PK
model for sunitinib that consisted of a two-compartment
model with first-order oral absorption was used to link to
the VEGFR network.30 The PK model of sunitinib generates
plasma concentrations that are directly input to the ePD
model. In this case, sunitinib, which is a competitive adenosine triphosphate inhibitor, can bind to the active site of the
VEGFR regardless of its ligand binding or dimerization state
and, thus, can form complexes with VR, V-VR, and 2-V-VR.
The resulting complexes can be degraded but not phosphorylated (see Supplementary Table S3).
www.nature.com/psp

Enhanced Pharmacodynamic Model for Customized Cancer Therapy
Zhang et al.

8

Global sensitivity analysis to identify potential drug targets.
Sobol global sensitivity analysis was implemented via the
MOEA framework (version 1.17) and was used to determine
sensitivity of model outputs to changes in the parameters.31,43
First, all parameters’ lower and upper bounds were set equal
to 100-fold less than and greater than their base values with
the exception of the synthesis and degradation rate constants (2-fold), kh (rxn 36 related to Akt feedback; 10-fold),
and n value (varied between 1 and 6) (see Supplementary
Tables S1 and S2). Second, 1,560,000 different parameter
sets whose values varied between these lower and upper
bounds were generated from cross-sampling by Saltelli’s
extension of Sobol’s method with the MOEA framework. This
large number of parameter sets ensured adequate confidence
intervals were obtained for the total effects. Confidence intervals were calculated via bootstrapping with 1,000 resamples.
For each parameter set, the PK/ePD model was integrated
using CVODES on 256 CPUs in parallel on Minerva at Mount
Sinai, and the generated pERK and pAkt profiles were used to
calculate area between the baseline and effect curves using
trapz in MATLAB. Total-order sensitivity indices and their
confidence intervals for each parameter/output combination
were computed with the MOEA framework.
Optimization-based control analysis. Each drug identified by
the above steps was linked with the PK/ePD model based on
its mechanism of action (see Supplementary Table S3). The
objective function (see Supplementary Methods) was minimized each day using the MATLAB (The Mathworks) genetic
algorithm function ga. Thus, a single 28-day regimen consists
of implementing the genetic algorithm 28 times. On day 0, the
initial conditions were taken as the natural steady state of the
VEGF signaling model. Initial conditions for subsequent days
were taken as the final conditions of the previous day, after drug
administration. For ease of implementation, decision variables
for whether to administer a drug or not were cast as continuous
with bounds between 0.49 and 0.51, with 0.5 or greater corresponding to administration. Doses, as described above, were
allowed to vary between lower and upper bounds (Table 1).
Because the genetic algorithm is stochastic and the behavior
of the objective function in the decision variable space is potentially nonlinear with multiple minima, we performed each series
of 28 optimizations several times. In each run, we found that
the main features of the returned optimal regimens were largely
congruent (see Supplementary Figures S2 and S4).
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Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE
TOPIC?

33 Systems pharmacology is diverse in how mod-

els that range from empirical to mechanistic are
developed and applied to drug development and
translational medicine. Only a small amount of
research concerns linked PK/ePD models.

WHAT QUESTION DID THIS STUDY ADDRESS?

33 The

study addressed how linked mechanistic
PK–ePD models can be used to tailor cancer
chemotherapy.

WHAT THIS STUDY ADDS TO OUR KNOWLEDGE

33 The study provides a pipeline of computational
methods to build and utilize PK/ePD models that
yield a means to identify drug targets and predict how drugs may be combined for maximal
benefit. The model-based multidrug regimens
are not intuitive and demonstrate the power of
quantitative models.

HOW THIS MIGHT CHANGE CLINICAL
PHARMACOLOGY AND THERAPEUTICS

33 Personalized

medicine is needed to advance
cancer therapy; however, emphasis has been
on genomic approaches that fail to appreciate
the dynamic nature of drug action. The current
investigation demonstrates an alternative PK/
ePD method developed based on biochemical
mechanisms and produced unique drug combination regimens that support systems pharmacological approaches in translational medicine.
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