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SUMMARY

Activation of ErbB receptors by epidermal growth
factor (EGF) or heregulin (HRG) determines distinct
cell-fate decisions, although signals propagate
through shared pathways. Using mathematical
modeling and experimental approaches, we unravel
how HRG and EGF generate distinct, all-or-none
responses of the phosphorylated transcription factor
c-Fos. In the cytosol, EGF induces transient and HRG
induces sustained ERK activation. In the nucleus,
however, ERK activity and c-fos mRNA expression
are transient for both ligands. Knockdown of dual-
specificity phosphatases extends HRG-stimulated
nuclear ERK activation, but not c-fos mRNA expres-
sion, implying the existence of a HRG-induced
repressor of c-fos transcription. Further experiments
confirmed that this repressor is mainly induced by
HRG, but not EGF, and requires new protein
synthesis. We show how a spatially distributed,
signaling-transcription cascade robustly discrimi-
nates between transient and sustained ERK activities
at the c-Fos system level. The proposed control
mechanisms are general and operate in different
cell types, stimulated by various ligands.
INTRODUCTION

The ErbB receptors initiate a multilayered signal transduction

network that converts external cues into specific gene expres-

sion responses in different cells and tissues. Its deregulation

drives the development and progression of several types of
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cancer (Citri and Yarden, 2006). Ligand binding causes the

homo- and heterodimerization of ErbB receptors, followed by

allosteric activation of their intrinsic tyrosine kinases (Zhang

et al., 2006). This induces a complex cascade of phosphorylation

and activation events that convey signals to the nucleus. The

subsequent changes in gene expression eventually lead to

pivotal cell-fate decisions, such as proliferation or differentiation.

A major challenge for cell signaling studies is to understand

how different cues and receptors give rise to unique gene

expression responses despite the promiscuous activation of

shared pathways, such as the extracellular regulated kinase 1/2

(ERK) cascade. Initial insight into this specificity dilemma came

from observations that PC-12 cells proliferated after a transient

ERK activation by epidermal growth factor (EGF) but differenti-

ated after a sustained ERK activation by nerve growth factor

(NGF), showing that the duration of ERK signaling is critical for

cell-fate decisions (Marshall, 1995). Subsequent theoretical

and experimental work revealed that different ERK activation

dynamics can arise from differential feedback wiring of the cyto-

solic ERK cascade (Kholodenko, 2007; Santos et al., 2007). In

the nucleus, the duration of ERK activation is sensed by

a network of immediate early genes, including the transcription

factor c-Fos (Murphy et al., 2004; Murphy et al., 2002). MCF-7

cells show similar signaling input-output relationships: sustained

ERK activity induces cellular differentiation and a significant

c-Fos response, while transient ERK activity induces prolifera-

tion and a negligible c-Fos response (Nagashima et al., 2007).

These examples suggest that differential ERK activation kinetics

can be converted into all-or-none responses at the transcription

factor level. This conversion could explain how common core

pathways can program distinct cell-fate decisions.

The sustained induction of c-Fos depends on activation of

ERK and its downstream target, p90 ribosomal S6 kinase 2

(RSK), which stimulate c-fos transcription and cooperate to

stabilize the c-Fos protein product through multiple
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phosphorylations (Chen et al., 1992, 1993; Murphy et al., 2002).

Phosphorylation also enhances c-Fos transcriptional activity

(Pellegrino and Stork, 2006); therefore, phosphorylated c-Fos

(pc-Fos) may be viewed as the functional output of this system.

A network structure, in which an initial input signal (active ERK)

induces an intermediate signal (c-fos messenger RNA [mRNA])

and both the initial and intermediate signals are needed to

generate the final output (pc-Fos protein), is termed a coherent

feedforward loop (CFL) (Mangan et al., 2003). This CFL creates

a ‘‘sign-sensitive delay’’ that senses the duration of ERK activa-

tion: a drop in the initial input (� sign) results in immediate loss

of output, whereas an increase (+ sign) leads to a delayed

increase in output. Additionally, negative feedback regulation

arises from ERK-induced expression of the dual specificity

phosphatases (collectively known as DUSPs or MAPK phos-

phatases [MKPs]), which deactivate ERK (Brondello et al.,

1997; Brondello et al., 1995; Sun et al., 1993). DUSP protein

expression develops on the same time scale as c-Fos expres-

sion and is also controlled by ERK activity (Brondello et al.,

1999). Thus, although the ERK to pc-Fos CFL could provide

a core sensing mechanism for transient versus sustained ERK

activity (Murphy et al., 2002), the resulting emergent properties

of this network, which includes negative transcriptional regula-

tion are not understood.

Here, we demonstrate how the spatiotemporal coordination of

combined signaling and transcriptional responses allows cells to

convert analog ERK signaling into robust, digital pc-Fos

responses. Although EGF and HRG induce transient versus sus-

tained cytoplasmic ERK activities, downstream c-fos mRNA

expression is transient for both ligands. Modeling suggests

that this identical c-fos expression duration is explained by a

larger dusp expression response and resulting transient nuclear

ERK activity for HRG. RNA interference (RNAi)-mediated dusp

knockdown sustains HRG-induced nuclear ERK activity but

has little effect on HRG-activated c-fos mRNA expression,

implying the existence of an additional negative regulator of

c-fos transcription. Double-pulse experiments with different

ligands demonstrate that this repressor is induced by HRG,

but not by EGF. HRG stimulation in the presence of cyclohexi-

mide sustains c-fos mRNA expression, showing that activation

of the repressor requires de novo protein synthesis. For HRG,

sustained cytoplasmic ppERK and, to a lesser extent, the tran-

sient nuclear ppERK stabilize the c-Fos protein and drive the

high pc-Fos response, whereas for EGF, transient cytoplasmic

ERK activity causes a negligible pc-Fos response. Systems-level

model analysis reveals how the spatially distributed regulation

cascades make the all-or-none pc-Fos responses robust to

noise in ERK activity and to system perturbations. Predictions

based on our model built for MCF-7 cells can also explain the

measured EGF- and NGF-induced pc-Fos responses in the

classic PC-12 cell system. Thus, the proposed control mecha-

nisms of discrimination between transient and sustained cyto-

plasmic ERK activities hold true for different types of cells and

ligands. Overall, our experimental and computational results

demonstrate that a CFL signaling cascade interlinked with tran-

scriptional negative feedback loops is the principal c-Fos regula-

tion module wherein differential, spatially distributed ERK

dynamics contribute to binary cell-fate decisions.
RESULTS

Transient and Sustained Cytosolic ERK Activation
Signals Are Converted into Similar c-fos Response
Durations in the Nucleus
Previous studies showed that activated ERK controls c-fos

mRNA expression (Buchwalter et al., 2004; Chai and Tarnawski,

2002). Since EGF and HRG induced transient and sustained ERK

activation, respectively (Figure 1A), we expected c-fos mRNA

expression to be transient for EGF and sustained for HRG.

Surprisingly, c-fos mRNA expression profiles were transient for

both ligands, although the magnitude of the c-fos mRNA

response was larger for HRG than for EGF (Figure 1B). This differ-

ence in the mRNA response was amplified at the level of c-Fos

expression (Figure 1C) and converted into an all- (HRG) or-none

(EGF) pc-Fos response (Figure 1D). Since ppERK is required for

c-Fos stabilization, the observed all-or-none pc-Fos responses

can be attributed to the continued ppERK presence after HRG

stimulation and the absence of ppERK after 30 min EGF stimula-

tion (Murphy et al., 2002). Yet, this interpretation cannot account

for the transient time course of c-fos mRNA. It is also inconsistent

with our observations that HRG-induced c-fos mRNA expression

begins to decline after 30 min, while ppERK is sustained up to

60 min. These results suggest that the c-Fos expression

dynamics cannot be explained solely by the ERK activation

profiles and that more complex mechanisms must be invoked.

Building an Initial Computational Model
of the c-Fos Expression Network Dynamics
Although some aspects of c-Fos regulation are understood, the

data shown in Figure 1 raise several questions. Why are the

c-fos mRNA expression profiles transient for both EGF and

HRG? What mechanisms are responsible for the all-or-none pc-

Fos responses? Is the discrimination mechanism robust to noise

and perturbations? To answer such questions, we have devel-

oped a mechanistic, computational model that describes the

dynamic control of c-Fos expression and phosphorylation (shown

schematically in Figure 1E). The model allows us to deeply explore

the emergent properties of the signaling network that governs

these transitions to make predictions that are used as testable

hypotheses in our experiments. When the predictions agree

with the data, this substantiates key regulatory mechanisms. On

the other hand, points of the model-experiment mismatch call

for a new understanding of regulatory mechanisms and model

refinement, as indeed happened in this study. Figure 1E shows

our initial model (black lines), which is based on pre-existing

knowledge. This initial model was used until new experimental

data revealed its limitations. The further model refinement (orange

lines) incorporates new hypotheses that improve the agreement

between the model and experimental data (Figure S1 available

online). Here, we briefly describe the initial model; a complete

derivation is presented in the Extended Experimental Procedures.

Input Signaling and ERK Dynamics
Understanding of the complexity of signaling can be facilitated

by a modular approach to modeling (Kholodenko et al., 2002).

This approach allows us to focus only on the ERK-induced

c-Fos dynamics, considering signaling between ErbB
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Figure 1. The c-Fos Expression Network: Responses to EGF and HRG and Model’s Schematic

MCF-7 cells were stimulated with 10 nM EGF or HRG for indicated periods of time (min), and the responses were measured with western blotting (proteins) or

qRT-PCR (mRNA). Data were normalized by dividing them by the maximum value of the HRG-induced responses. Error bars denote standard error for at least

three independent experiments; representative blot images can be found in the Figure S1.

(A) ppERK.

(B) c-fos mRNA.

(C) Total c-Fos.

(D) T325 phosphorylated c-Fos.

(E) Model’s schematic. The nuclear membrane is shown by a thick gray line, chemical transformations are depicted by solid lines, and nucleocytoplasmic trans-

port is denoted by dashed lines. Rate laws and parameters for the individually numbered chemical reactions are given in the Extended Experimental Procedures.

Degraded protein and mRNA are represented by f. Black lines correspond to mechanisms in the initial model, whereas orange lines denote model refinement that

is based on additional experimental data (see below).

(F–M) Points (blue diamonds, EGF; red squares, HRG) denote experimental data, solid lines denote simulations done with the initial model, and dashed lines

represent these simulations ± standard deviation.
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receptors and ERK as a separate module (Birtwistle et al.,

2007). As the model input, we take cytoplasmic dually phos-

phorylated MEK (ppMEK), which activates ERK, and this input

is estimated directly from data (Figure 1F). Active ERK is de-

phosphorylated by constitutive (such as PP2A and PTP-SL)

and induced (DUSP) phosphatases in the cytoplasm and

nucleus.
c-fos Transcription and Protein Stabilization
Active ERK phosphorylates and activates RSK (Chen et al.,

1992), and active ERK and RSK cooperate to stimulate c-fos

transcription (Figure 1E). Upon nuclear translocation, active

ERK phosphorylates and activates the transcription factor Elk1

(Gille et al., 1995), which binds to the serum response factor

and subsequently to the c-fos promoter (Buchwalter et al.,

2004). RSK phosphorylates and activates CREB (Xing et al.,

1996), which also binds to the c-fos promoter (Wang and

Prywes, 2000). When phospho-Elk1 and phospho-CREB are

both bound to the c-fos promoter, transcription occurs (Bruning

et al., 2000; De Cesare et al., 1998). The phosphorylation and

stabilization of nascent c-Fos proteins depend on active ERK

and RSK and on an ERK docking site on c-Fos termed the

DEF domain (Murphy et al., 2002).
dusp Transcription and Protein Stabilization
The nuclear inducible dusps are immediate early genes that are

upregulated within �15–30 min of stimulation with EGF in a

variety of cell lines (Charles et al., 1992; Keyse and Emslie,

1992). ERK activation leads to upregulation of dusp mRNA levels

(Brondello et al., 1997), and, similar to c-Fos, active ERK phos-

phorylates and stabilizes the dusp protein product (Brondello

et al., 1999). DUSP translocates to the nucleus and dephosphor-

ylates nuclear ppERK (Brondello et al., 1995).
Training the Model with Experimental Data
Before a model can be used to generate hypotheses, it must be

‘‘trained’’ with experimental data. This process is called param-

eter estimation (see details in the Experimental Procedures and

Extended Experimental Procedures). To train the model, we

used data on multiple nodes of the c-Fos expression network

(Figures 1F–1M). The solid lines in Figures 1F–1M denote

simulations done with the initial model that match closely with

the data (shown as points). Although the model can reproduce

the data in Figure 1, goodness of fit to a training set alone is insuf-

ficient for validating the model. It is necessary to test the model

predictions against independent experimental data, as is

described below.
(F) Cytoplasmic MEK activation.

(G) Cytoplasmic ERK activation.

(H) Whole-cell RSK phosphorylation.

(I) Whole-cell CREB phosphorylation.

(J) dusp mRNA expression.

(K) c-fos mRNA expression.

(L) Whole-cell c-Fos expression.

(M) Whole-cell c-Fos phosphorylation.

See also Figure S1 and Tables S1, S2, S3, and S4.
Sensitivity Analysis Suggests Critical Control
Mechanisms of c-Fos Induction
The model permitted us to analyze on a systems level how

transient (EGF) and sustained (HRG) ERK signals are robustly

discriminated into all-or-none pc-Fos responses, despite the

same duration of c-fos mRNA responses. To generate testable

hypotheses, we employed sensitivity analysis, which examines

how perturbations to the processes in the model affect the c-fos

mRNA expression duration and cumulative (time-integrated) pc-

Fos protein response. We quantified the duration as the time it

takes for c-fos mRNA to decline below 10% of its maximum

and the cumulative response as the integral of the pc-Fos

concentration over the observation time of 90 min. The sensitiv-

ities, or control coefficients, were approximated as the percent

change in the quantity of interest caused by a 1% change in

a reaction rate (Kholodenko et al., 1997b). Negative control coef-

ficients indicate that the quantity will decrease with a reaction rate

increase, while positive coefficients indicate that the quantity will

increase. Large coefficients, whether positive or negative, indi-

cate potentially significant control mechanisms.

The control coefficients for c-fos mRNA duration and inte-

grated pc-Fos response are presented in Figures 2A and 2B

(see also Figure S2). For both EGF and HRG, the dynamic

expression of c-fos mRNA is strongly controlled by c-fos

transcriptional processes (including mRNA transport and degra-

dation). EGF and HRG differ in dusp mRNA production/degrada-

tion, ERK (de)activation and transport, and the RSK-CREB

pathway contributions. The control distribution over the cumula-

tive pc-Fos response (Figure 2B) also shows that dusp expres-

sion contributes to the ligand-specific regulation of pc-Fos.

While sensitivity analysis suggests an appreciable regulatory

role of dusp, this analysis considers only small perturbations,

and the predictions may not hold for large perturbations. There-

fore, we evaluated how large decreases in dusp mRNA levels

would affect c-fos responses. The results support the conclu-

sions of the sensitivity analysis. Simulated dusp downregulation

increased the amplitude and duration of c-fos mRNA responses

for HRG, but only the amplitude for EGF (Figures 2C and 2D).

Pivotal Role of Negative Feedback Regulations
in Ligand-Dependent c-Fos Responses
and Construction of a Refined Model
Nuclear ERK Signaling Is Transient for Both HRG

and EGF

Our model predicts that although HRG induces sustained cyto-

plasmic ERK activity (Figure 1G), HRG-induced dusp expression

results in transient nuclear ERK activation, which persists slightly

longer for HRG than for EGF (Figure 3A). To test this prediction,

we quantified the spatially-resolved dynamics of ppERK by
Cell 141, 884–896, May 28, 2010 ª2010 Elsevier Inc. 887



Figure 2. Sensitivities of c-fos mRNA

Duration and Integrated pc-Fos Responses

to Perturbations

Simulations are done with the initial model; ligand

concentrations are 10 nM. For the calculated

sensitivity coefficients to obey summation laws,

a time-invariant model input is needed, but the

input for the initial model (Figure 1F) varies with

time. We therefore use the empirical input model

described in Figure S2, which has a constant

input, to perform the sensitivity analysis.

(A and B) Control coefficients for c-fos mRNA

duration (A) and integrated pc-Fos (B) are shown

by bars (blue, EGF; red, HRG). Numbers above

bars indicate the reaction indices as shown in

Figure 1E, and error bars correspond to simulation

standard deviation. Reactions are grouped ac-

cording to biological processes (indicated above

each plot) and not in the order of their numerical

index.

(C and D) Simulated effects of various degrees

of dusp knockdown on EGF-induced (C) and

HRG-induced (D) c-fos mRNA expression. Down-

regulation of dusp is simulated by increasing the

dusp mRNA degradation rate constant.

See also Figure S2.
immunofluorescence staining (Figures 3B–3D and Figure S3A).

The data confirmed that both the HRG and EGF-induced nuclear

ppERK profiles are transient. During the time interval between

15 min (after both ligands have evoked similar peak responses)

and 60 min (when responses return to basal levels), the time-

averaged nuclear ppERK concentration is about 1.5-fold larger

for HRG than for EGF (represented by the shaded areas in

Figures 3B and 3C). The difference between the EGF and HRG

responses during this time window is highly significant (a one-

tailed, two-sample t test gives p = 0.0084). Notably, this differ-

ence is similar to the difference between the peak magnitudes

of the downstream HRG- and EGF-induced c-fos and dusp

mRNA expressions (Figures 1J and 1K). Thus, the time-averaged

nuclear ppERK activity is a biochemical indicator of downstream

immediate early mRNA responses.

Effects of dusp Knockdown on the c-fos mRNA,

Nuclear ppERK, and pc-Fos Protein Responses

The model predicts that dusp downregulation increases both the

duration and magnitude of c-fos mRNA expression for HRG,
888 Cell 141, 884–896, May 28, 2010 ª2010 Elsevier Inc.
while increasing only the response

magnitude for EGF (Figures 2C and 2D).

To test this experimentally, we downre-

gulated the major nuclear inducible

dusps by small interfering RNA (siRNA).

In MCF-7 cells, dusps 1, 2, 4, 5, 8, and

10 are induced, but expression levels of

dusps 8 and 10 for HRG are relatively

small compared to those of dusps 1, 2,

4, and 5 (Figure S3B). Moreover, recent

studies indicated that only the joint inhibi-

tion of dusps 1, 2, 4, and 5 markedly

influenced nuclear ERK2 activation (Arm-
strong et al., 2009; Caunt et al., 2008). Therefore, we measured

EGF and HRG-evoked c-fos mRNA responses after the simulta-

neous knockdown of dusps 1, 2, 4, and 5. For EGF, the data

agree with the model prediction (Figure 3E). However, for HRG,

dusp knockdown only slightly increased the magnitude of the

c-fos mRNA response. In contrast to our model predictions,

there was little effect on the response duration (Figure 3F),

despite the fact that nuclear ppERK was enhanced, as expected

(Figures S3E and S3F). Nevertheless, dusp knockdown slightly

increased HRG-induced c-Fos and pc-Fos levels (Figures S3E

and S3F), reflecting the increased nuclear ppERK level, which

caused increased phosphorylation and faster stabilization of

c-Fos.

Ligand-Dependent Negative Feedback Regulation

of c-fos Expression

The dusp knockdown experiments showed that for HRG, the

c-fos mRNA responses remained transient, while nuclear

ppERK became sustained, suggesting that HRG, but not EGF,

induces a repressor of c-fos transcription. If this repressor is



Figure 3. Nuclear ERK Activation Dynamics and the Effect of dusp Downregulation on c-fos mRNA Duration

(A) Model predictions for nuclear ppERK time courses. Ligand concentrations are 10 nM (EGF, blue; HRG, red).

(B and C) Quantified nuclear ppERK dynamics based on cell images obtained from Duolink technology (EGF, blue; HRG, red; representative images are shown in

Figure S3A). Each data point is the average response based on �180 individual cells in three independent experiments, and error bars correspond to standard

error based on the three replicates. Solid lines denote in silico simulations, and dashed lines denote simulation standard deviation. For normalization, raw

quantified data are divided by the 5 min time point of each respective ligand dose. Shading corresponds to the nuclear ppERK profile between 15 and 60 min.

(D) Spatially resolved ERK activation dynamics observed by immunofluorescence. Total ERK (green) is shown on the right, and ppERK (red) is shown on the left.

(E, F, K, and L) Measured versus predicted effects of dusp downregulation on c-fos mRNA expression induced by 10 nM EGF (E and K) or HRG (F and L). Solid and

dashed lines correspond to model simulations and their standard deviation, respectively. The dusp downregulation was modeled as an increase in the dusp

mRNA degradation rate. Simulations in (E) and (F) correspond to the initial model (Figure 1E, black lines only), and simulations in (K) and (L) correspond to the

refined model (Figure 1E, black and orange lines).

(G and H) c-fos mRNA expression in response to two 1 nM pulses of EGF (G) or HRG (H). Arrows denote the second stimulation time.

(I and J) Effects of cycloheximide on c-fos mRNA expression induced by 10 nM EGF (I) or 10 nM HRG (J).

For (E)–(L), error bars denote the standard error from three independent experiments. Note that (I) and (J) have different y axis scales. In (E), (F), and (I)–(L),

data values are relative to their respective 30 min HRG control point. Solid and dashed lines correspond to model simulations and their standard deviation,

respectively. Simulations done with the refined model are indicated.

See also Figure S3.
transcriptionally activated, it would probably persist beyond

90 min after stimulation, when c-fos mRNA decreases to basal

levels. Then, a second pulse of HRG added 90 min after the initial

HRG stimulation would be unable to induce significant c-fos

mRNA expression, whereas a second EGF pulse would still

evoke a large c-fos mRNA response after initial EGF stimulation.

Figures 3G and 3H (diamonds for EGF, squares for HRG) demon-

strate that a second HRG-pulse indeed caused a negligible c-fos
mRNA response, whereas a second EGF-pulse stimulated a

significant response (while ERK is activated in either case; see

Figure S3G). This negative feedback regulator hypothesis is

further supported by additional double-pulse experiments in

which various ligands are added in different orders. A pulse of

HRG added 90 min after EGF induced a significant c-fos

mRNA response, whereas a pulse of EGF added 90 min after

HRG did not (Figure S3G). We also replaced HRG with PMA,
Cell 141, 884–896, May 28, 2010 ª2010 Elsevier Inc. 889



a phorbol ester that induces sustained ERK activation similarly to

HRG (see below). An EGF pulse after PMA stimulation generated

a negligible c-fos mRNA response. On the other hand, a PMA

pulse given after EGF induced a strong c-fos mRNA response

(Figure S3G).

Since the timing of this HRG-induced feedback suggests

that it may require de novo protein synthesis, we measured the

HRG and EGF-induced c-fos mRNA responses in the presence

of the protein synthesis inhibitor cycloheximide (CHX). CHX

markedly increased the HRG-induced c-fos mRNA but had

a smaller effect on the EGF-induced response (Figures 3I and

3J). The change from the transient HRG-induced c-fos mRNA

response to the sustained response in the presence of CHX

can partly be explained by CHX-induced increases in the c-fos

mRNA half-life (Sariban et al., 1988). Yet, this extension of

half-life alone cannot account for the CHX effect; a simple math-

ematical model demonstrates that a concomitant change that

sustains the c-fos transcription rate is needed (Extended Exper-

imental Procedures and Figure S3H). Analysis of a previously

published gene chip data set identified 40 transcriptional regula-

tors that are upregulated upon HRG stimulation, and are thus

candidates for this negative regulatory factor (Table S5) (Naga-

shima et al., 2007).

A Refined Model of c-fos Regulation

The data obtained from dusp knockdown, double-pulse and

CHX experiments cannot be explained by our initial model of

c-fos regulation (black lines in Figure 1E). Therefore, we refined

this model to include an additional layer of negative transcrip-

tional control. A scenario consistent with this negative regulator

hypothesis is that pc-Fos induces its own transcriptional

repressor, as shown schematically by the orange lines in Fig-

ure 1E, or directly inhibits c-fos transcription. In fact, it was

previously reported that the c-Fos protein can repress its own

promoter (Schönthal et al., 1988; Superti-Furga et al., 1991).

Upon training our refined model to the data, we found that it

not only reproduced the original training data set, but also re-

produced the nuclear ppERK dynamics better than the initial

model (Figure S1B). The simulations capture that the HRG-

induced nuclear ppERK profile is higher than the EGF-induced

profile during the 15–60 min time frame, in line with the exper-

imental findings (see the shaded areas in Figures 3B and 3C).

Using the refined model, we computed the effects of dusp

downregulation on the EGF- and HRG-induced c-fos mRNA

kinetics (Figures 3K and 3L) and found a reasonable agreement

between the data and simulations. Importantly, this refined

model predicts the results of double-pulse experiments

(Figures 3G and 3H and Figure S3G) and accounts for the

CHX experiments (Figures 3I and 3J), which the initial model

fails to predict.

We conclude that transcriptional negative feedback, which

includes dusps and a yet unknown c-fos repressor(s), plays a

larger role in regulating the duration of HRG-induced than

EGF-induced c-fos mRNA expression. Although the refined

mechanistic model can describe the system dynamics, the

identity of the negative regulator is as yet unknown. When mech-

anistic details become available, our model will be further

improved to incorporate a complete description of processes

that activate this repressor.
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General Operating Principles and Ubiquitous
Control Mechanisms of c-Fos Expression
A Core Model Description of the Emergent Properties

of the c-Fos System

Motivated by the quest to understand the key regulatory princi-

ples of the c-Fos expression system, we developed a ‘‘core’’

model, which compared to the mechanistic model is deliberately

simplified to capture the essential system characteristics. Our

core model takes cytoplasmic ppERK as input, involves only

five intermediates, and has pc-Fos as the output (Figure 4A; for

details see the Extended Experimental Procedures). In the core

model, nuclear pRSK and ppERK together stimulate transcrip-

tion of c-fos, and cytoplasmic ppERK phosphorylates the

c-Fos protein. We represent the overall transcriptional negative

feedback as dependent on the cumulative (i.e., integrated over

time) nuclear ppERK activity, assuming that the current levels

of these negative regulators reflect the recent history of the

nuclear ppERK profile. This single negative feedback implicitly

accounts for both DUSPs and the unknown transcriptional

repressor, since the cumulative nuclear ppERK activity is repre-

sentative of growth factor-induced transcriptional responses. In

fact, nearly perfect adaptation of c-fos mRNA responses in

which the response returns to the basal level supports this

assumption. In engineering terms, this feedback is called ‘‘inte-

gral feedback,’’ which endows most control systems with

perfect adaptation capabilities (Mettetal et al., 2008; Ogunnaike

and Ray, 1994).

The core model was trained using only a single ligand dose

(10 nM EGF and 10 nM HRG) to describe the measured c-fos

mRNA and pc-Fos protein responses in MCF-7 cells (Figures

4B–4D and Figure S4). To test this model, we compared its

predictions to measured pc-Fos responses for different EGF

and HRG doses (Figures 4E–4H). The agreement between model

predictions and the experimental data substantiates our core

model.

Robustness of the c-Fos Expression System

The core model encapsulates the key features of the c-Fos

system (Figure 4A): (1) an outer CFL (cytoplasmic ppERK and

c-Fos generate pc-Fos), (2) an inner CFL (nuclear ppERK and

pRSK activate c-fos transcription), and (3) an integral transcrip-

tional negative feedback. The importance of the outer CFL for

converting transient versus sustained ppERK signals into

all-or-none c-Fos responses was previously shown (Murphy

et al., 2002). However, the systems-level roles of the inner

RSK-mediated CFL and the transcriptional negative feedback

remain unclear.

This structure of the c-Fos system, where an inner CFL is

embedded into an outer CFL, resembles a cascade organization

of feedback controllers in engineering control systems that

provides robustness of the output to disturbances in the input

(Ogunnaike and Ray, 1994). Therefore, we simulated how distur-

bances to the ppERK input signal, in the form of a sine wave,

affect the integrated pc-Fos response in the presence or

absence of the inner CFL. In response to the same level of

ppERK disturbance, the system with the inner CFL produced

a much lower cumulative pc-Fos output than the system without

the inner CFL (Figures 5A and 5B). Only disturbances that persist

as long as HRG-induced ppERK activation cause appreciable



Figure 4. Core c-Fos Expression Model

(A) Model schematic.

(B–D) The core model parameters were trained by

the responses of ppERK, c-fos mRNA, and pc-Fos

to 10 nM EGF or 10 nM HRG in MCF-7 cells.

(E–H) To validate the model, we compared model

predictions to the observed pc-Fos responses for

different EGF and HRG doses (1 nM and 0.1 nM) in

MCF-7 cells. Experimental data were obtained

with western blotting (proteins) or qRT-PCR

(mRNA).

Error bars denote standard error for at least three

independent experiments, and representative

western blot images can be found in Figure S4.

For all time course plots, solid lines denote simula-

tions.

See also Figure S4.
pc-Fos output. These results suggest that the inner CFL makes

the integrated pc-Fos output robust to noisy ppERK signals.

The transcriptional negative feedback loops not only make

the c-Fos response transient, but can also endow the system

with robustness (Sauro and Kholodenko, 2004). We therefore

investigated how sensitive the integrated pc-Fos output was to

perturbations in the system parameters at different negative

feedback strengths (see the Experimental Procedures). Indeed,

as the negative feedback strength is increased, the cumulative

pc-Fos response becomes more robust (Figure 5C). Thus, the

transcriptional negative feedback, in addition to shaping the

dynamics of the pc-Fos response, provides robustness to

system parameter perturbations.

EGF- versus NGF-Induced pc-Fos Responses

in PC-12 Cells

Are key control features of the c-Fos expression system specific

to MCF-7 cells, or are they applicable to other cells? To answer

this question, we revisited the classic PC-12 cell system wherein

transient or sustained ppERK signals lead to distinct cell-fate

decisions (Marshall, 1995). We measured the dynamics of

ppERK, c-fos mRNA, and pc-Fos in PC-12 cells stimulated

with 10 nM EGF or 10 nM NGF and compared these data to

the predictions of our core model that was trained by data
Cell 141, 884–
from MCF-7 cells (Figures 6A–6E). In our

simulations, only the ppERK input profile

was allowed to vary with respect to

MCF-7 cells; all other parameter values

remained fixed. When the input for our

MCF-7 cell model corresponded to

PC-12 cell ERK signaling, the calculated

c-Fos dynamics qualitatively agreed

with the measured c-Fos expression

and activation responses in PC-12 cells

(Figures 6B and 6C). The major difference

was that the predicted c-fos mRNA

expression dynamics were slower than

observed, perhaps because MCF-7 and

PC-12 cells originated from different

human and rat cells, respectively, which

may have different c-fos mRNA half-lives.
Comparison of Figure 6A to Figure 1A shows that EGF induces

a slightly more sustained ppERK signal in PC-12 cells than in

MCF-7 cells. Yet despite this longer ppERK signal duration, the

pc-Fos response remains small for EGF (Figure 6C), demon-

strating the robustness of the system to discriminate transient

versus sustained ppERK signals. Overall, these results suggest

that the control mechanisms of c-Fos expression responses built

into our model are general, rather than limited to MCF-7 cells.

PMA-Enhanced, EGF-Induced ERK Activation Amplifies

the c-Fos Expression Response

Are the ERK activation kinetics a master regulator of the ligand-

dependent, all-or-none pc-Fos response? To address this ques-

tion, we costimulated MCF-7 cells with EGF and PMA, a potent

activator of PKC that extends EGF-induced ppERK dynamics to

a profile similar to that of HRG (Figure 6D). Thus, if the pc-Fos

response solely depended on the ERK activation kinetics, rather

than the nature of the ligand or upstream receptor, we would

expect that EGF and PMA costimulation results in a large pc-

Fos response, similar to the HRG-induced response. This is

exactly what the core model predicts, and what was observed

experimentally (Figure 6E). These results support the emerging

paradigm that ligand specificity is related to the different spatio-

temporal dynamics of shared, core signaling outputs, which
896, May 28, 2010 ª2010 Elsevier Inc. 891



Figure 5. Robustness of the c-Fos Expression Network

(A and B) Robustness to disturbances in ppERK increases when the inner CFL

is present (A) and decreases when this CFL is absent (B). Disturbances are

simulated as jAsin(ut)j, where A is the amplitude, u is the frequency, and t is

time. AU stands for arbitrary units. These arbitrary units correspond to the

same arbitrary units characterizing cytoplasmic ppERK measurements in

Figures 1G, 4B, and 4E. The inner CFL is ‘‘absent’’ when the dependence of

c-fos transcription on pRSK is disregarded in the model. The integrated

pc-Fos response is expressed in the units relative to the 10 nM HRG response.

(C) Robustness of the c-Fos expression system increases with increasing the

integral negative feedback strength (k3). Robustness is quantified as the sum

over all inverse, absolute control coefficients of system parameters (the
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consequently induce differential gene expression responses.

Both our core and refined mechanistic models substantiate

this paradigm by clear-cut computational findings.

Precise Relation between the ppERK Kinetics

and pc-Fos Response

Having shown that differential ERK activation dynamics can

qualitatively determine the c-Fos response, we asked which

exact quantitative features of the dynamic profiles of cyto-

plasmic ppERK are responsible for this decision. To this end,

we first approximated the ppERK dynamics with three quantita-

tive parameters, the peak amplitude, Ap, the time to peak, Tp,

and the decay time, t (Figure 6F). We then created a family of

different ppERK inputs by combinatorially varying these param-

eters, and finally, calculated the cumulative pc-Fos output for

each of these different inputs (see Figure S5 for the full results).

Experimentally, we complemented the simulations by measuring

ppERK dynamics induced by various concentrations of EGF and

HRG in MCF-7 cells and EGF and NGF in PC-12 cells, respec-

tively. Given typical Ap and Tp values for ERK activation

dynamics, the mathematical model suggests a simple result,

which is supported by the experimental data: the cumulative

pc-Fos response is determined by the decay time of ppERK in

both cell lines (Figure 6G). Importantly, this emergent relation-

ship serves to convert the previous, qualitative ERK signaling

paradigm into a precise, quantitative understanding of how the

ppERK dynamics control the all-or-none pc-Fos responses.

DISCUSSION

Cell signaling research is challenged with the question of how

ligand specificity can emerge when different pathways share

the same core components (Kholodenko, 2006). In the current

study, we combined computational modeling and experiments

to provide insight into this question. The models bring together

extensive previous experimental data with our own new data

to unveil that ligand-specific pc-Fos responses are brought

about by a spatially distributed control system that involves

a cascade of CFLs interlinked with transcriptional negative feed-

back loops. Owing to the time lag between transcription initiation

and translation, this cytoplasmic-signal-to-protein-expression

CFL structure acts as an ‘‘AND gate’’ to convert the sustained

versus transient cytoplasmic ppERK temporal profiles into the

all-or-none pc-Fos responses. Negative transcriptional feed-

back not only causes the similar c-fos expression durations for

EGF and HRG, but also endows the pc-Fos response with

robustness to parameter perturbations. The ‘‘inner’’ CFL

involving RSK makes pc-Fos robust to noise in the ppERK input.

In this work, we developed a mechanistic model and a core

model, which serve complementary purposes. The mechanistic

model allows us to ascribe observed behavior to precise

biochemical mechanisms, aiming to create an in silico replica

of cellular networks. Mechanistic biochemical models are

directly tested against experiments, but these models must be

refined continuously to keep pace with the constantly increasing
greater this sum is the smaller the changes that occur when parameters are

perturbed; see the Experimental Procedures).



Figure 6. ERK activation Is a Ubiquitous

Master Regulator of the Integrated pc-Fos

Responses

(A–C) PC-12 cells were stimulated with 10 nM EGF

or 10 nM NGF for indicated periods of time, and

responses were measured with western blotting

(proteins) or qRT-PCR (mRNA). Data were normal-

ized by dividing them by the maximum value of the

HRG-induced responses.

(D and E) MCF-7 cells were stimulated with 10 nM

EGF + 100 nM PMA.

(F) The ppERK input is characterized by three

parameters: the peak amplitude Ap, the peak

time Tp, and the decay time t.

(G) Quantitative relationship between the inte-

grated pc-Fos output and the ppERK decay time

t. Data points correspond to experimental data

for various ligand doses in MCF-7 and PC-12 cells,

which are indicated by text boxes. The ppERK

decay time t was calculated from experimental

data (see the Extended Experimental Procedures,

Core Model Description, td
in). For simulations, the

values for Ap and Tp were fixed at 1 and 10 min.,

respectively, as is commonly observed for ppERK

responses. Calculation of the integrated pc-Fos

responses from experimental data is described

in the Extended Experimental Procedures.

For all relevant panels, error bars denote standard

error for at least three independent experiments,

representative blot images can be found in

Figure S5, and solid lines denote simulations. For

all panels, simulations were done using the core

model.

See also Figure S5.
detailed knowledge of molecular mechanisms. The current

study, in which we refined our initial model following the results

of siRNA, double-ligand pulse, and CHX experiments, exem-

plifies this continuous refinement. Nevertheless, mechanistic

models have large potential to facilitate understanding complex

signaling networks. However, when the detailed mechanistic

knowledge is lacking, it is desirable to employ simple, core

models. Core models do not have excessive numbers of species

and parameters but capture and explain the key features that

control the system behavior. Our core model serves just this

purpose; when our data showed the limitations of the current

knowledge, the core model helped us comprehend the emergent

properties of the c-Fos expression network.

The biological significance of the CFL-regulated pc-Fos

response is that a robust switch-like activation of transcription

factors will lead to drastically different subsequent waves of

gene expression, and consequently different phenotypes. The

CFL structure also allows the cell to turn off gene expression

rapidly as soon as the input signal is lost, while buffering the

cell against unwarranted gene expression in response to
Cell 141, 884–8
spurious inputs or noise (Figure 7A). In

addition to these cytoplasmic-signal-to-

protein-expression CFLs, active nuclear

ERK, RSK, and c-fos mRNA generate

the nuclear-signal-to-mRNA CFL that
operates on a shorter time scale (Figure 7B). These fast and

slow CFLs are organized in a ‘‘cascade’’ structure, where the

faster, ‘‘inner’’ loop (ppERK-pRSK-c-fos mRNA) operates within

the context of the slower, ‘‘outer’’ loop (ppERK-c-fos mRNA-

pc-Fos protein). Because it takes time to propagate the distur-

bances in cytoplasmic ppERK through the inner loop before

they reach c-fos mRNA, the inner loop filters fast ppERK input

noise. When this cascade CFL structure is combined with the

transcriptional negative feedback loops, which make the system

robust to parameter perturbation, the overall network acquires

even greater noise reduction capabilities (Figure 7C).

Why does the cell employ dusp and additional c-fos repres-

sor(s) to downregulate the c-fos mRNA response when in

principle the dusp response alone should be adequate for this

task? One reason is that functional redundancy leads to robust-

ness against system failures resulting from breakdown of any

single component. This is a universally desirable feature that

conceivably may have been selected for during evolution.

Another, less obvious reason arises from the double-ligand pulse

experiments, which show that an unidentified fos repressor
96, May 28, 2010 ª2010 Elsevier Inc. 893



Figure 7. Regulatory Motifs in the c-Fos

Expression Network and Emerging Differ-

ential, Long-Term Transcription Factor

Expression

(A) DUSP negative feedback superimposed onto

the CFL.

(B) The CFL cascade structure of c-Fos regulation

wherein the fast, nuclear inner CFL is contained

within the slow, cytoplasmic outer CFL.

(C) The overall network structure which includes

the cascade CFL embedded into the transcrip-

tional negative feedback loops.

(D) Venn diagrams showing the number of

common differentially expressed TFs between

the EGF and HRG responses. The EGF (left,

blue) and HRG (right, red) sets correspond to the

number of differentially expressed gene probes

that were identified as transcription factors by

query to the gene ontology database.

See also Figure S6.
makes MCF-7 cells refractory to further ligand stimulation in

terms of c-fos expression. Thus, expression of this additional

repressor converts cells into a different state, in which they no

longer respond to ligands. Since HRG stimulation causes

MCF-7 cell differentiation, the c-fos repressor may play a key

role in ensuring that the cells follow the differentiation pathway

despite the potential presence of other signals.

The opposing cell-fate decisions caused by EGF and HRG

(proliferation versus differentiation) should be underlined by

distinct gene expression patterns. We suggest that the quantita-

tive differences in c-fos mRNA expression at the immediate early

gene level are translated into robust qualitative differences for

later waves of gene expression changes. Differences in expres-

sion of immediate early transcription factors such as c-fos would

have a large impact on successive gene expression waves, if

these factors are hubs in the regulatory network. As network

hubs have many interaction partners and the DEF domain is crit-

ical for the all-or-none pc-Fos response (Murphy et al., 2002), we

looked at the number of interaction partners for transcription

factors with and without DEF domains. We indeed found that

transcription factors with a DEF domain had a larger mean

number of interaction partners (23.1) than non-DEF domain con-

taining factors (15). For DEF domain-containing transcription

factors known to be HRG-induced immediate early responders

in MCF-7 cells, the mean number of interaction partners (44)

was even larger (Figure S6) (Nagashima et al., 2007). Our hypoth-

esis is further supported by previously published gene expres-

sion responses to HRG and EGF over longer time periods

(Figure 7D) (Nagashima et al., 2007). At early times (45 min),

nearly all the transcription factors that are differentially ex-

pressed in response to EGF and HRG are shared. However, as

time progresses the overlap between these two sets decreases

dramatically. We hypothesize that in large part this is due to
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HRG-induced, pc-Fos protein controlled

gene expression. We propose that this

quantitative-to-qualitative gene expres-

sion control principle may be general to
mammalian signal transduction systems that induce distinct

cell fates. Thus, we suggest that the integral negative feed-

back-embedded, cascade CFL structure that controls the initial,

robust switch-like pc-Fos response is critical for control of cell-

fate decision processes.

EXPERIMENTAL PROCEDURES

Cell Culture and Treatment

MCF-7 cells were maintained and stimulated as previously described (Birt-

wistle et al., 2007). PC-12 cells were purchased from RIKEN Bioresource

Center (Tsukuba, Japan) and maintained in Dulbecco’s modified Eagle’s

medium (DMEM) supplemented with 10% horse serum and 10% fetal bovine

serum (FBS). NGF was purchased from R&D Systems, (Minneapolis, MN).

Where indicated, serum starved cells were pretreated with cycloheximide

(CHX) (Nacalai Tesque, Japan) or simultaneously treated with the PKC acti-

vator, Phorbol 12-Myristate 13-Acetate (PMA) (Nacalai Tesque). For double-

pulse experiments, cells were treated with 1 nM EGF or HRG and incubated

for 90 min, washed three times with serum-free medium over 10 min., and

then treated again with the same concentration of each growth factor. For

different ligand combinations, 30 nM was used for EGF and HRG to induce

full receptor activation, such that ErbB receptor crosstalk should not interfere

with the results. For the PMA double-pulse experiment, 100 nM PMA and

1 nM EGF were used. After incubation with the growth factors for the indi-

cated time period, cells were washed three times with phosphate-buffered

saline (PBS).

Immunoblotting

Cell lysates were prepared and analyzed as described previously (Birtwistle

et al., 2007). For western blot analysis, anti-ERK (p44/42 MAP kinase), anti-

phospho-ERK (Thr202/Tyr204), anti-CREB, anti-phospho-CREB (Ser133),

anti-MEK1/2, anti-phospho-MEK1/2 (Ser217/221), anti-p90RSK, anti-phos-

pho-p90RSK (Ser380), and anti-a-tubulin antibodies were purchased from

Cell Signaling Technology. Anti-Fos antibody was purchased from Santa

Cruz Biotechnology. (Santa Cruz, CA). Anti-GAPDH and anti-phospho-Fos

(Thr325) antibody were purchased from Abcam (Cambridge, UK). The protein

band intensities were quantified with a densitometer (Fuji Film, Japan).



For measurement of ppERK in different cellular compartments, cells were

washed twice with ice-cold PBS containing 0.4 mM Na3VO4, scraped into

hypotonic lysis buffer (10 mM Tris [pH 7.4], 10 mM NaCl, 3 mM MgCl3,

1 mM EGTA, 1 mM Na3VO4, 10 mM NaF, aprotinin, leupeptin, and PMSF),

and incubated on ice for 10 min. The lysate was homogenized with a Dounce

homogenizer (40 strokes) and then centrifuged at 8000 g for 5 min. The pellet

(nuclear fraction) was washed five times with hypotonic lysis buffer containing

0.1% NP-40 and resuspended in lysis buffer containing 0.5% sodium deoxy-

cholate, 0.1% SDS, and 0.2% NP-40. The soluble fraction was centrifuged at

top speed for 5 min and supernatant was considered the cytosolic fraction.

Immunofluorescence

Standard immunofluorescence (Figure 3) was performed as described in the

Extended Experimental Procedures. The in situ Proximity Ligation Assay

(PLA) with the Duolink kit (OLINK bioscience, Sweden) was used to quantify

nuclear ppERK according to the manufacturer’s instructions. The Duolink

assay has been shown to be much more quantitative and reproducible than

standard immunostaining (Fredriksson et al., 2002; Söderberg et al., 2006).

These experiments were performed in triplicate, and standard error was

calculated based on this sample size of three. The stained cells were analyzed

with a TCS-SPE microscope (LAS AF software ver 1.8.2, Leica, Germany).

ppERK was detected and quantified with BlobFinder software (OLINK

bioscience). DAPI staining was used to identify cell nuclei. Approximately

60 individual cell images were quantified for each time point, and all cells

with a whole nucleus within a field of view were quantified. Representative

PLA images are given in Figure S3A.

siRNA Transfection

Transfection was performed with the HiperFect Transfection Reagent

(QIAGEN) and CombiMAG magnetofection kit (Chemicell GmbH, Germany)

according to the manufacturer’s instructions. The dusp 1, 2, 4, and 5 siRNA

sequences can be found in the Extended Experimental Procedures. For

combination knockdown experiments, 10 nM of each siRNA were transfected,

and the results were compared to data from control cells which were trans-

fected with identical concentrations of non-targeting siRNA mixture (40 nM,

Control AllStars 1, QIAGEN). We also used a completely independent set of

dusp siRNAs from Dharmacon for verification of the results (Figure S3D;

sequences in the Extended Experimental Procedures). Forty-eight hr after

transfection, cells were starved for 16 hr in serum-free DMEM and then stim-

ulated with 10 nM growth hormone for the indicated time periods.

Quantitative RT-PCR

RNA was reverse transcribed into complementary DNA with the PrimeScript

RT reagent Kit (TaKaRa, Japan; primer sequences in the Extended Experi-

mental Procedures). All the PCR reactions were done using either SYBR

Premix Ex Taq (TaKaRa) or KAPA SYBR Fast kit (KAPA Biosystems,

South Africa) in a Thermal Cycler Dice Real Time System TP800 (TaKaRa).

qRT-PCR was performed in triplicate for each sample according to the manu-

facturer’s instructions. The standard curve method was used to determine

relative quantity of mRNA. All qRT-PCR data were normalized to GAPDH

expression.

Model Simulation

We describe the biochemical reactions and connectivity of signaling mole-

cules using ordinary differential equations (ODEs) known as chemical kinetic

equations. The ODE models were developed and simulated with MATLAB

(Mathworks) and are available from the Biomodels database under the IDs

1004300000 (mechanistic model) and 1003170000 (core model) (http://www.

ebi.ac.uk/biomodels/). Detailed descriptions are in the Extended Experimental

Procedures.

Model Parameter Estimation

To estimate the unknown model parameters, we minimized the sum of

squared differences between the experimental data shown in Figure 1 and

the simulated values using the genetic algorithm GLSDC (Kimura and Kona-

gaya, 2003) implemented on 160 CPUs in parallel (for details, see the Extended

Experimental Procedures). For the initial model, we obtained 50 good-fitting
parameter sets, and simulation curves represent the mean of 50 independent

simulations using these 50 sets (Table S4). Simulation standard deviations

were similarly computed. For the refined model, we obtained ten good-fitting

parameter sets (Table S4).

Sensitivity and Robustness Analysis

The sensitivity coefficients are defined by

CM
i hd lnðMÞ=d lnðviÞ;

where M is the signaling metric (time-integrated response or duration—

defined in the main text) and vi is the ith reaction rate. Control coefficients

were calculated using finite difference approximations with 0.01% changes

in the reaction rates. Calculation validity was tested by verifying that summa-

tion laws are obeyed (Kholodenko et al., 1997a), which required use of the MEK

empirical model for a non-time dependent model input (see the Extended

Experimental Procedures and Figure S2). Robustness is defined as the sum

over all inverse, absolute parameter sensitivity coefficients,

R =
X

i

jd lnðpiÞ=d lnðMÞj;

where pi is a model parameter.

SUPPLEMENTAL INFORMATION

Supplemental Information includes Extended Experimental Procedures, six

figures, and seven tables and can be found with this article online at doi:10.

1016/j.cell.2010.03.054.
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Supplemental Information

EXTENDED EXPERIMENTAL PROCEDURES

Detailed Mechanistic Model Description
MEK Activation as the Model Input

Understanding the immense complexity of signal transduction and the ensuing gene expression responses can be facilitated using

a modular approach (Kholodenko et al., 2002). While we have previously developed a model that describes multiple signaling events

that take place between activation of the ErbB receptors and the MAPK cascade, here we exploit a modular approach to build

a module that describes c-Fos induction by active ERK (Birtwistle et al., 2007). We use a linear interpolation of the experimental

measurements of MEK activation as a direct input. In fact, signaling processes upstream of ppMEK do not directly change the

dynamics of the downstream species considered in the current model. All feedback mechanisms from ERK to species upstream

of MEK are implicitly incorporated in the model through the use of the experimental MEK activation dynamics.

ERK Activation and Nuclear Translocation

Based on recent experimental data, we model the activation of ERK by ppMEK with a distributive, two-collision mechanism that

accounts for singly phosphorylated ERK (pERK) and fully activated, doubly phosphorylated ERK (ppERK) (Burack and Sturgill,

1997). This kinetic mechanism makes ERK activation responses ‘‘ultrasensitive’’ and may also lead to bistability (Goldbeter and

Koshland, 1981; Markevich et al., 2004). We consider that two different phosphatase activities can deactivate ppERK: constitutive

and induced. The constitutive ERK phosphatases include many known phosphatases, such as PP2A, and less characterized ERK

phosphatases, such PTP-SL (Pulido et al., 1998). Moreover, this constitutive phosphatase activity can be present in the cytoplasm

and nucleus, e.g., PP2A is both cytoplasmic and nuclear and the nuclear and cytoplasmic activities can differ (Janssens and Goris,

2001). The induced phosphatase activity accounts for the effects of the induced, nuclear DUSPs on ERK activity. Recent evidence

shows that the nuclear-inducible DUSP1 is mainly involved in ERK dephosphorylation, whereas DUSPs 2 and 4 anchor ERK and can

also play a role in ERK deactivation (Caunt et al., 2008). Our microarray data indicated that increase in expressions of dusp 1, 2, 4, 5, 8

and 10 mRNAs were observed within 90 min upon 10 nM HRG stimulation (see Figure S3). Time-course patterns of the dusp mRNAs

expression can be classified into three classes; dusp 1 and 8 in earlier expression (rising time �30 min), dusp 2 in middle expression

(rising time�45 min), and dusp 4, 5, and 10 in later expression (rising time�90 min). Then, dusp 1, 2 and 4 were selected as a repre-

sentative of each class, and averaged into an aggregate dusp mRNA (Figure 1J of the main text). We adopt a full mass action descrip-

tion of DUSP-mediated dephosphorylation of ppERK to account for sequestration of ERK by DUSPs.

All forms of ERK can enter and exit the nucleus at their specific rates, and the kinetics of ERK and ppERK transport were reported to

be linear (Fujioka et al., 2006). As there are currently no data regarding the nuclear transport of RSK2, we assume a simple case where

the transport rates follow linear kinetics, similarly to that of the ERK species. All MEK forms can also enter the nucleus, but are rapidly

exported before reaching an appreciable concentration, owing to the nuclear export signal on MEK (Fukuda et al., 1997). Moreover,

the rate constants used in the model to describe the ERK transport are derived from data that account for the total export of ERK

monomers and ERK-MEK complexes and do not discriminate between free and MEK-bound ERK (Fujioka et al., 2006). Thus, our

neglect of nuclear MEK complexes does not cause an inaccurate description of nuclear ERK export dynamics.

Regulation of c-fos and dusp Transcription

Active ERK phosphorylates and activates RSK2 (Chen et al., 1992), and both active ERK and RSK2 work together to stimulate c-fos

transcription as follows. Active nuclear ERK phosphorylates and activates the transcription factor Elk1 (Gille et al., 1995), which binds

to the serum response factor (SRF) to form a ‘‘ternary complex’’ which then binds to the serum response element of the c-fos

promoter (Buchwalter et al., 2004; Mo et al., 2001; Chai et al., 2002; Rivera et al., 1993). As pElk1 does not bind to the c-fos promoter

alone, but only in complex with SRF, the pElk1 model variable implicitly accounts for SRF. RSK2 phosphorylates and activates CREB

(Xing et al., 1996), which binds to the c-fos AP-1 site (Wang et al., 2000). When phospho-Elk1, serum response factor, and phospho-

CREB are all bound to the c-fos promoter, transcription occurs (De Cesare et al., 1998; Bruning et al., 2000).

The dusps are primarily immediate early genes that are upregulated within �15-30 min of stimulation with EGF in a variety of cell

lines (Keyse and Emslie, 1992; Charles et al., 1992). Although mechanistic details regarding the transcription factors controlling dusp

expression are unknown, it was reported that ERK activation leads to upregulation of dusp1 mRNA levels (Brondello et al., 1997).

Here, we exploit the currently available information for a concise, semi-empirical description of the induction of dusp transcription

by nuclear ppERK.

Transcription, RNA Processing, Translation and Degradation

Because of the low abundance of promoter-transcription factor complexes, transcription rates in single cells are subject to stochastic

fluctuations. However, our measurement capabilities are limited to population average mRNA levels, that are not reflective of the

single cell fluctuations; furthermore, pre-mRNA processing steps downstream of transcription act as a low-pass filter that also

tend to mask transcription rate fluctuations. As a result, we opt for a simpler deterministic, first-order description of transcription

using ordinary differential equations that allows quantification of the average (but not variance) of transcription rates.

Both de novo DUSP and c-Fos proteins are stabilized by ERK phosphorylation (and also RSK phosphorylation for c-Fos) of their

DEF domains (Murphy et al., 2002; Brondello et al., 1999) and rapidly transported into the nucleus after synthesis (Brondello et al.,

1995; Tratner and Verma, 1991). Although there are several, sequential phosphorylation events for c-Fos (Pellegrino and Stark, 2006),

we found that there are no differences between the early S374 and the late T325 phosphorylation in terms of the all-or-nothing
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response (data not shown). Therefore, we consider only a single phosphorylated c-Fos species, which corresponds to the fully phos-

phorylated c-Fos at T325.

Parameter Estimation
The model comprises 101 total parameters, of which 63 were fit to the measured dynamics of nine network nodes: whole cell ppERK,

cytoplasmic ppMEK, ppERK, and dusp mRNA, whole cell pRSK, c-Fos, pc-Fos, and pCREB, and cytoplasmic c-fos mRNA (see

Figure 1E). The following procedure was followed:

1. Impose parameter value constraints.

2. Impose dynamics constraints.

3. Generate several parameter sets using the GLSDC.

4. Evaluate parameter identifiability.

1. Parameter Constraints

Activation of ERK by ppMEK. The kcat for ppMEK-catalyzed ERK phosphorylation was taken from Fujioka et al., 2006 as 0.220 (s-1).

The Michaelis constant was calculated as Km = 350.0 (nM) using the formulae from Markevich et al., 2004 and the kinetic parameters

estimated by Fujioka et al. (2006).

Deactivation of ERK by General Phosphatases. We assume that dephosphorylation by the general phosphatases in the cytoplasm

occurs with similar kinetics as those estimated by Hatakeyama et al., 2003, giving V3 = 0.720 (s-1), Km3 = 160 (nM), V4 = 0.648 (s-1),

Km4 = 60 (nM). Although we consider that the nuclear general phosphatases can operate with different kinetics than the cytoplasmic

ones, we assume that the dephosphorylation of nuclear ppERK and pERK by nuclear general phosphatases occurs with similar

kinetics, giving V5 = V6, and Km5 = Km6.

Nucleocytoplasmic Shuttling of ERK. The import and export rates of inactive ERK were estimated from experimental data

asKimF
ERK = KimF

ERKP = 0:012 (s-1) andKexF
ERK = KexF

ERKP = 0:018 (s-1) (Fujioka et al., 2006). Since these reported rate constants were

in terms of number of molecules, we must convert them to concentration units that the model uses. Consider a nucleocytoplasmic

shuttling model described by

dERKc
dt

= export rate � import rate = KexF
ERK$ERKn� KimF

ERK$ERKc
dERKn

dt
= � export rate + import rate = � KexF

ERK$ERKn + KimF
ERK$ERKc

where ERKc and ERKn are the number of molecules of cytoplasmic and nuclear ERK, respectively. The differential equations with

respect to molar concentration are

d½ERKc�
dt

= KexF
ERK$½ERKn�$Vn

Vc
� KimF

ERK$½ERKc�
d½ERKn�

dt
= � KexF

ERK$½ERKn�+ KimF
ERK$½ERKc�$Vc

Vn

where Vc and Vn denote cytoplasmic and nuclear volume. Similarly, the differential equations for pERK and ppERK are

d½pERKc�
dt

= KexF
ERKP$½pERKn�$Vn

Vc
� KimF

ERKP$½pERKc�
d½pERKn�

dt
= � KexF

ERKP$½pERKn�+ KimF
ERKP$½pERKc�$Vc

Vn

;

d½ppERKc�
dt

= KexF
ERKPP$½ppERKn�$Vn

Vc
� KimF

ERKPP$½ppERKc�
d½ppERKn�

dt
= � KexF

ERKPP$½ppERKn�+ KimF
ERKPP$½ppERKc�$Vc

Vn

where the import and export rates of phosphorylated ERK were estimated by Fujioka et al. asKimF
ERKPP = 0:011 (s-1)

andKexF
ERKPP = 0:013 (s-1) (2006) (We assume that pERK is transported with similar kinetics as ppERK). Thus, the rate constants

as reported by Fujioka and coworkers in units of number of molecules must be multiplied by appropriate volume ratios according

to the above equations.

Nucleocytoplasmic Shuttling of DUSP. We assumed that import and export rates were identical for DUSP and pDUSP since there

are no data to the contrary. Thus, KimDUSP = KimDUSPP and KexDUSP = KexDUSPP.

Dephosphorylation of Nuclear ppERK by DUSP. It was reported that DUSP phosphorylation does not change the DUSP catalytic

activity (Brondello et al., 1999). Therefore, we impose the following constraints: p47 = p52, m47 = m52, p48 = p53, p49 = p54, m49 = m54,

p50 = p55, p51 = p56 and m51 = m56 (see Table S2).
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Nucleocytoplasmic Shuttling of c-Fos. We assumed that import and export rates were identical for c-Fos and pc-Fos, as there are

no data to the contrary. Therefore, we specify that KimFOS = KimFOSP and KexFOS = KexFOSP.

Degradation Rate of DUSP and c-Fos Protein. Half-life times of DUSP and c-Fos protein were reported as 45 min and 30�45 min,

respectively (Brondello et al., 1999; Murphy et al., 2002). We employed the half-life of 45 min as k16, k22, k38 and k45 = 0.000257 (s-1).

Earlier studies showed that phosphorylation of DUSP by ERK prolonged the half-life of DUSP (Brondello et al., 1999), and phosphor-

ylation of c-Fos by ERK and RSK extended the half-life of c-Fos to at least 2 hr (Murphy et al., 2002). Thus, we assume that the half-life

of pc-Fos is 4 hr, and the half-life of pDUSP might be similar to pc-Fos as k17, k23, k39, k46 = 0.0000963 (s-1).

Total Concentrations of ERK, RSK, CREB and Elk1. Concentration of total ERK is set to 960 nM (Fujioka et al., 2006), and there are

about 200,000 RSK molecules per cell (Zhao et al., 1995; Tomás-Zuber M, et al., 2001; Smith JA, et al., 2000; Sassone-Corsi P, et al.,

1999), giving the RSK concentration as 353 nM, assuming the cytoplasmic volume to 0.94 pl. Regarding Elk1, earlier studies showed

that there are 200,000 Elk1 molecules per cell (Yang SH, et al., 1999; Yang SH, et al., 2002; Yang SH, et al., 2003). Thus, the concen-

tration is given by 1510 nM, assuming the nuclear volume to 0.22 pl. The concentration of CREB is assumed to be a similar order to

Elk1 as 1000 nM.

The above considerations give 38 constraints, giving 101 – 38 = 63 parameters to be estimated from our data. Upper and lower

bounds for the unknown parameter values were specified as shown in Table S2.

2. Dynamics Constraints

Ratio of Total DUSP between the Cytoplasm and Nucleus. Since DUSP has a nuclear localization signal (NLS), its cytoplasmic

concentration is considerably lower than its nuclear concentration. Therefore, we specify that

Rd =

R 90

0

�hDUSPN
i

+
h
DUSP� ERKN

i
+
h
DUSP� pERKN

i
+
h
DUSP� ppERKN

i

+
h
pDUSPN

i
+
h
pDUSP� ERKN

i
+
h
pDUSP� pERKN

i
+
h
pDUSP� ppERKN

i
�

dt

R 90

0

�h
DUSPC

i
+
h
pDUSPC

i�
dt

>1

where Rd is the ratio of time integrated nuclear DUSP to time integrated cytoplasmic DUSP, and

Rpd =

R 90

0

�h
pDUSPN

i
+
h
pDUSP� ERKN

i
+
h
pDUSP� pERKN

i
+
h
pDUSP� ppERKN

i�
dt

R 90

0

h
pDUSPC

i
dt

>1

where Rpd is the ratio of time integrated nuclear pDUSP to time integrated cytoplasmic pDUSP.

Concentration Ratio of Cytoplasmic to Nuclear c-Fos. As c-Fos is a nuclear protein, its concentration in the nucleus should be much

greater than in the cytoplasm. Using the same gel, we quantified the relative cytoplasmic and nuclear c-Fos levels over a 90 min. time

course. The integral of nuclear c-Fos over the observation time of 90 min was 29-fold greater than that of cytoplasmic c-Fos for 10 nM

HRG stimulation (data not shown). Therefore, we specified that for 10 nM HRG stimulation the following constraint holds,

RLOW
f <Rf<RHIGH

f

Rf =

R 90

0
f½c�FosN�+ ½pc�FosN�gdt

R 90

0
f½c�FosC�+ ½pc�FosC�gdt

where Rf is the ratio of time integrated nuclear c-Fos to time integrated cytoplasmic c-Fos, and RLOW
f and RHIGH

f are the lower and

upper bounds for Rf, respectively. We specified conservative upper and lower bounds as five-fold different from the measured value

of Rf = 29 (5.8 and 145).

3. Generating Candidate Parameter Sets

We generated 50 candidate parameter sets by varying the initial guesses for the 63 unknown parameters, and then running the

GLSDC algorithm (Table S4).

4. Evaluating Parameter Identifiability

To investigate parameter identifiability, we calculated the means and standard deviations for each of the unknown parameters in 50

parameter sets (Table S4). We found that most of the parameters had large standard deviations, implying non-uniqueness of the

parameter values. Despite this parameter non-uniqueness, the error bounds on the model simulations themselves were quite small

(see dotted lines in Figures throughout main text), supporting the emerging idea that parameter values can be not well known, yet one

can still make accurate predictions about system dynamics.

To determine whether the parameter non-uniqueness could affect the conclusions drawn from the sensitivity analysis, we calcu-

lated the control coefficients for the duration of c-fos mRNA and the integral of pc-Fos with each of the 50 good fitting parameter sets

(Hornberg et al., 2005), and calculated standard errors among the resulting sets of control coefficients. Very small standard error
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among these control coefficients sets implies that the parameter non-uniqueness does not affect conclusions drawn from control

analysis (Figures 2A and 2B).

Parameter Estimation for the Refined Model
All parameters including the new parameters in the rate equations for induction of the negative feedback regulator F were refitted for

the refined model, and the same above-mentioned parameter and dynamics constraints were used. Good fitting parameter sets are

provided in Table S4.

Effects of mRNA Half-Life on Expression Dynamics
Consider the scenario where at time t = 0 a transcription of a gene mRNA at rate vt(t) begins, and this mRNA is degraded with rate

constant kdeg. This can be represented by,

dm

dt
= ntðtÞ � kdegm;

where m is the mRNA concentration. The purpose of this analysis is to investigate the effect of a change in half-life from a short time

(10 min.) to a long time (90 min.) on m given a transient or sustained transcription rate.

First consider a situation in which vt(t) is transient (Figure S3H). Regardless of whether the mRNA half-life is 10 or 90 min. such

a transient vt(t) gives a transient mRNA output. On the other hand, if vt(t) is sustained (Figure S3H), increasing the mRNA half-life

from 10 to 90 min. makes the mRNA response monotonically increase over a 90 min. time scale. Thus, only a prolongation of the

c-fos mRNA half-life concomitant with a sustainment of the transcription rate, but not the half-life prolongation by itself, can explain

the effects of cycloheximide on the HRG-induced c-fos mRNA response (Figures 3I and 3J).

Detailed Description of the Core c-Fos Expression Model
Below we present a simple, core model to elucidate how cytoplasmic ppERK profiles are interpreted and discriminated by the c-Fos

transcription and translation system. This model takes different temporal ppERK profiles in the cytoplasm as inputs, involves only five

key intermediates (nuclear ppERK and pRSK, pre-mRNA and mRNA of c-fos, and unphosphorylated cFos protein) and stabilized,

phosphorylated c-Fos protein as output. A number of models of the upstream signaling pathways can simulate the relation between

a cell-stimulating ligand and the resulting cytoplasmic ppERK level (ppERKcyt) that serves as the input signal to a core model. For our

purposes, all we need is a simple generator of input signals that allows us to simulate the experimentally observed ppERKcyt time

courses and produce a variety of other potential inputs to test the core model. As such a generator, we selected a simple Phenom-

enological Input Module (PhIM—described below), which fits well the experimentally observed inputs and is described below for illus-

trative purposes (since any other relevant input signal model can be employed). The overall model is pictured in Figure 4A, while equa-

tions and parameter values are described in the subsequent subsections.

Model Development
Nuclear ERK Activation

We consider three different net processes that contribute to nuclear ERK activity: (1) import of doubly phosphorylated ppERK from

the cytoplasm, (2) export and dephosphorylation by constitutive phosphatases, and (3) DUSP-mediated dephosphorylation. We

assume that these processes operate far from saturation and take import from the cytoplasm as proportional to the level of ppERK

in the cytoplasm (k1), export and constitutive dephosphorylation to be proportional to the level of ppERK in the nucleus (k2), and

DUSP-mediated negative feedback to be proportional to the integral of ppERK in the nucleus (k3):

dppERKnuc

dt
= k1ppERKcyt � k2ppERKnuc � k3ppERKnuc

Z t

0

ppERKnucdt

We view the DUSP negative feedback as proportional to the time-integrated nuclear ppERK profile since DUSP expression

depends on the recent time history of nuclear ppERK. The integral negative feedback term is also considered to capture the uniden-

tified transcriptional negative feedback for two main reasons. First, the unidentified negative feedback is dependent on nuclear

effects of ligand stimulation, for which nuclear ppERK is a reasonable readout. Second, this feedback is transcriptional and also op-

erates with similar kinetics to that of DUSP. Thus, in this empirical model the constant k3 and the integrated nuclear ERK activation

profile implicitly account for all transcriptional negative feedback. This is obviously a simplification, but is supported by the good

agreement of this core model to the system kinetics, particularly to the adaptive behavior of the c-fos mRNA profile, which is

a well-known consequence of such integral negative feedback (Yi et al., 2000).

Nuclear RSK Activation

We consider a simple linear model for net RSK activation, which assumes that the enzymes responsible for the RSK dynamics oper-

ate far from saturation, and that the total amount of RSK is large compared to the amount of nuclear active RSK,
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dpRSKnuc

dt
= k4ppERKnuc � k5pRSKnuc

c-fos Transcription and c-Fos Translation and Phosphorylation

The two components of the c-fos transcription process are production of c-fos pre-mRNA and processing of pre-mRNA into c-fos

mRNA. The rate of pre-mRNA production is the rate of transcription minus the rate of processing,

dcfospre

dt
=
ðppERKnuc$pRSKnucÞn

kn
6 + ðppERKnuc$pRSKnucÞn

� k7cfospre

Since both ppERK and pRSK are needed to stimulate c-fos transcription their product is considered as the input for c-fos transcrip-

tion using the sigmoidal functional form (Alon, 2007; Reinitz and Levine, 1990). The rate of mRNA production is the rate of pre-mRNA

processing minus the rate of degradation,

dcfosm

dt
= k7cfospre � k8cfosm

The c-fos mRNA is translated into unphosphorylated, unstable c-Fos protein (k9), and c-Fos protein is degraded (k10) with first-

order kinetics. Cytoplasmic active ERK phosphorylates and thereby stabilizes the c-Fos protein, so we assume that the rate of c-

Fos stabilization is proportional to the product of cytoplasmic, active ERK and unstable c-Fos protein (k11). We also assume that

pc-Fos is degraded and dephosphorylated with linear kinetics (k12 and k13). These considerations lead to the following differential

equations for c-Fos and pc-Fos proteins:

dcFos

dt
= k9cfosm � k10cFos� k11

�
cFos$ppERKcyt

�
+ k13pcFos

dpcFos

dt
= k11cFos$ppERKcyt � k12pcFos� k13pcFos

Parameter Estimation
The core model has 14 unknown parameter values. To estimate these unknown parameters, we first used mechanistic model param-

eter values to obtain initial guesses for the optimization procedure. Subsequently, we varied these parameter values using a local

trust region algorithm to minimize the sum of squared differences between the model predictions and experimental data for the

c-fos mRNA and pc-Fos dynamics in response to 10 nM HRG and 10 nM EGF. The final, best-fit parameter values are as follows:

k1 = 15; k2 = 50; k3 = 14; k4 = 0.1; k5 = 0.15; k6 = 0.13; k7 = 0.5; k8 = 0.08; k9 = 0.3; k10 = 0.3; k11 = 0.11; k12 = 0.001; k13 =

0.06; n = 1.1.

Phenomenological Input Module (PhIM) for ERK Activation
Here we present a mathematical description of a simplified, phenomenological input module, the only purpose of which is to fit the

experimentally measured ppERK profiles to use as the input to this core c-Fos model. We consider a simple PhIM where the cyto-

plasmic ERK activation and deactivation processes are described by two opposing first order processes in parallel, and the differ-

ence between the output of the activation (x1) and deactivation processes (x2) is cytoplasmic ppERK. The mathematical form of this

empirical model is as follows (I denotes an input, which is always taken as 1 for simplicity):

ppERKcyt = x1 � x2

dx1

dt
= � ka

inx1 + ka
LI;

dx2

dt
= � kd

inx2 + kd
L I;

where x1(0) and x2(0) = 0. The subscript 1 denotes ERK activation processes and the subscript 2 denotes ERK deactivation

processes. To facilitate parameter estimation for this PhIM, a transfer function model is derived by taking the Laplace transforms

of the differential equations. We show as an example x1; the derivation for x2 is analogous.

[
�

dx1

dt

�
= [
�
� ka

inx1

�
+ [
�
ka

LI
�

sbx1 = � ka
in
bx1 + ka

L
bI
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bx1 bI
hG1 =

ka
L=k

a
in�

1=ka
in

�
s + 1

=
Ka

in

ta
ins + 1

bx2 bI
hG2 =

kd
L=k

d
in�

1=kd
in

�
s + 1

=
Kd

in

td
ins + 1

Here, the ‘‘hat’’ denotes a Laplace transformed variable (function of s, the Laplace transformed time), and G is called a transfer

function. There are four parameters that characterize these empirical equations: two gains (Ka
in and Kd

in) and two time constants

(ta
in and td

in). For each ppERK profile, and therefore ligand dose, we will have a different set of gains and time constants.

Least-squares fitting of these four PhIM parameters to each of the measured ppERK profiles (see Figure 4) yields an excellent

approximation for the ppERK dynamics to use as an input for the core c-Fos expression model. The best-fit parameters values

are listed in below. It should be noted that if we wish to model absolute concentrations, rather than relative values, it would simply

require adjusting the gains by a unit conversion factor.

10 nM EGF, MCF7: Ka
in = 2.19, Kd

in = 1.97, ta
in = 3.16, td

in = 8.68

10 nM HRG, MCF7: Ka
in = 1.09, Kd

in = 2.89, ta
in = 3.07, td

in = 472

1 nM EGF, MCF7: Ka
in = 1.23, Kd

in = 0.949, ta
in = 1.00, td

in = 3.69

1 nM HRG, MCF7: Ka
in = 1.12, Kd

in = 1.14, ta
in = 3.92, td

in = 40.04

0.1 nM EGF, MCF7: Ka
in = 0.257, Kd

in = 0.101, ta
in = 9.68, td

in = 6.38

0.1 nM HRG, MCF7: Ka
in = 0.889, Kd

in = 0.805, ta
in = 4.81, td

in = 8.81

10 nM EGF, PC12: Ka
in = 1.22, Kd

in = 1.09, ta
in = 2.58, td

in = 27.7

10 nM NGF, PC12: Ka
in = 1.11, Kd

in = 1.02, ta
in = 1.77, td

in = 111

Calculating the Integrated pc-Fos Response from Data
For integrated pc-Fos, the non-equidistant data points and particularly sparse sampling around the maximum make standard numer-

ical integration formulas inaccurate. Integrated pc-Fos was therefore calculated as the integral of the best-fit exponential ascent and

decay model,

pcFosðtÞ= K1

�
1� eð�t=t1Þ

�
� K2

�
1� eð�t=t2Þ

�
;

where K1, K2, t1, and t2 are fit parameters whose values are shown below.

10 nM EGF, MCF7: [K1, K2, t1, t2] = [0.199843, 0.190515, 7.13398, 27.0398]

10 nM HRG, MCF7: [K1, K2, t1, t2] = [64.5706, 181.33, 266.314, 860.245]

1 nM EGF, MCF7: [K1, K2, t1, t2] = [0.199843, 0.190515, 7.13398, 27.0398]

1 nM HRG, MCF7: [K1, K2, t1, t2] = [5.62443, 23.0994, 139.021, 740.849]

0.1 nM EGF, MCF7: [K1, K2, t1, t2] = [0.271986, 0.271345, 18.2561, 18.5781]

0.1 nM HRG, MCF7: [K1, K2, t1, t2] = [0.237631, 0.735939, 152.764, 590.151]

10 nM EGF, PC12: [K1, K2, t1, t2] = [19.8857, 19.8947, 33.2446, 34.6213]

10 nM NGF, PC12: [K1, K2, t1, t2] = [7.72252, 24.1044, 108.493, 562.715]

Sequences for siRNAs and RT-PCR Primers
The primary set of dusp siRNAs were purchased from QIAGEN: 50 – CUG GUU CAA CGA GGC CAU UGA – 30 for dusp1, 50 – UUG GAA

ACU UAG CAC UUU AUA – 30 for dusp2, 50 – CUG GUU CAU GGA AGC CAU AGA – 30 for dusp4, 50 – CUG AGU GUU GCG UGG AUG

UAA – 30 for dusp5. For control experiments, Dharmacon SMART pool siGenome for dusp1, dusp2, and dusp4, and TaKaRa synthe-

sized siRNA for dusp5 with the following sequences were used:

dusp1-1 CCA AUU GUC CCA ACC AUU UUU

dusp1-2 CAA CGA GGC CAU UGA CUU CUU

dusp1-3 CCA CCA CCG UGU UCA ACU UUU

dusp1-4 GCA UAA CUG CCU UGA UCA AUU

dusp2-1 GGA CGA GGC CUU UGA CUU CUU

dusp2-2 GCC AUA GGC UUC AUU GAC UUU

dusp2-3 CGA GGC CUU UGA CUU CGU UUU

dusp2-4 GGA GAU CAG UGC CUG GUU CUU

dusp4-1 GUA CAU CGA UGC CGU GAA GUU
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dusp4-2 GAA GGA CAC UAU CAG UAC AUU

dusp4-3 GGA CUG CCC AAA CCA CUU UUU

dusp4-4 CAU CAC GGC UCU GUU GAA UUU

dusp5 CUG CAU GGC UUA CCU UAU GAA

Primer sequences for RT-PCR experiments in MCF-7 cells are as follows:

c-fos Fw 50- ACT TGA AAG CAT CAT GTG TGG AC -30 Rv 50- GGC CTG GCT CAA CAT GCT ACT AA -30

dusp1 Fw 50- ACC TAC CAG TAT TAT TCC CGA CGA C -30 Rv 50- GAC AAT GAC ATT TGT GAA GGC AGA -30

dusp2 Fw 50- ACT GAG GCT GGC CCT CAT TC -30 Rv 50- GCT GCC AAG GGC TTC AAC A -30

dusp4 Fw 50- AGC AGT AAG GCT TGA AGT GAT GAA -30 Rv 50- GGT TGG GCA CAT TTG CTA GG -30

dusp5 Fw 50- GGT CCA ATG AGG TAG TTG GTT GAA G -30 Rv 50- TCA TGC CAA AGT CCA AGG TCA G -30

gapdh Fw 50- GCA CCG TCA AGG CTG AGA AC -30 Rv 50-ATG GTG GTG AAG ACG CCA GT-30

RT-PCR primer sequences (Takara) for PC-12 cells were

c-fos Fw 50- GTT CCT GGC AAT AGT GTG TTC CA -30 Rv 50- TGA CAA TGA ACA TGG ACG CTG A -30

Gene Chip Data Analysis
GeneChip experiment results from the Affymetrix Human Genome U133A 2.0 Chip (Affymetrix, Santa Clara, CA, USA) that encodes

22,000 probe sets (with 18,400 transcripts that include 14,500 well characterized genes) were taken from a previously published

study (Nagashima et al., 2007). CEL files were processed by GeneChip Operating Software (GCOS ver. 1.2) to obtain signal intensity

for each probe set. Probe sets with low signal (100) in control experiment (without growth hormone stimulation) were discarded in the

subsequent analysis. For each growth hormone (10 nM EGF and HRG) and time (45, 120, 240 and 480 min.) condition, probe sets that

satisfied all of the following three criteria were extracted as growth hormone-induced or -repressed genes: (1) mean expression level

of duplicated experiments exceed 100, (2) probe sets with present call, and (3) probe sets showing more than 2 fold changes

compared to control. Then, probe sets for transcription factors were searched by using GO term (Ashburner et al., 2000) in the manu-

facturer’s annotation data set (na23). Those probe sets which were associated to ‘‘transcription factors activity’’ (GO:0003700) or its

child terms were extracted. Microarray data used in this study was submitted to Gene Expression Omnibus database (http://www.

ncbi.nlm.nih.gov/geo/). Accession number of the data is GSE13009.

Standard Immunofluorescence
For immunofluorescence studies, MCF-7 cells growing on glass coverslips were serum-starved for 17 hr before growth hormone

treatment. After being treated with 10 nM EGF or 10 nM HRG for the indicated time periods, cells were rinsed with PBS, sequentially

fixed with 4% paraformaldehyde for 15 min, permeabilized in 0.1% Triton X-100, and then blocked with PBS containing 1% BSA and

10% FBS. The primary anti-ERK and anti-ppERK antibodies (Cell Signaling) were each diluted in blocking buffer and incubated with

the cells for 1 hr at room temperature. The cells were then washed several times in PBS and exposed to an FITC-conjugated

secondary antibody for ERK (MP Biochemicals Inc., Aurora, OH) and a TRITC-conjugated secondary antibody for ppERK (ZYMED,

Carlsbad, CA) diluted in blocking buffer for 1 hr at room temperature. The cells were observed and photographed with a DM IRE2

microscope (Leica, Germany). The images were analyzed using AOBS software ver.1537 (Leica).

Empirical Model for MEK Activation
The input for the mechanistic c-Fos model is given by an interpolation function of the ppMEK experimental data, which is time varying.

However, for control analysis summation theorems to hold, the model input must not be time varying. We therefore developed

a simple empirical model to describe the ppMEK dynamics given a constant growth factor (EGF or HRG) input (Figure S2A). The

model describes the measured ppMEK dynamics well (Figure S2B), and is described by the equations and parameter values in

Tables S6 and S7.
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Figure S1. Related to Figure 1

Representative blot images corresponding to quantified data in Figure 1 and fit of the refined mechanistic model to these data.

(A) Western blot images are representative of at least three independent experiments, and EGF and HRG concentrations are 10 nM unless otherwise noted.

(B) Fit of the refined mechanistic model to experimental data shown in Figure 1 of the main text. Solid lines denote the mean and dotted lines denote the standard

deviation of the simulated responses based on the 10 different good fitting parameter sets (Table S4). The refined mechanistic model includes a repressor F, as

shown by the orange lines in Figure 1 of the main text. The experimental data are analogous to those in Figures 1F–1M, 3B, and 3C.
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Figure S2. Empirical Model for MEK Activation that Is Needed for Sensitivity Analysis, Related to Figure 2

For the calculated sensitivity coefficients to obey summation laws, a time-invariant model input is needed, but the input for the initial model (Figure 1) varies with

time. We therefore use the pictured empirical input model, which has a constant input, to perform the sensitivity analysis.

(A) Empirical model schematic. For EGF stimulation, enzyme A1 is activated by EGF (steps 1 and 2), and the activity of RsT is mediated by EGF and A�1 (steps 5 and

7). For HRG stimulation, enzymes A2 and A3 are activated by HRG (steps 3, 4, 9 and 10), and the activities of RsT and pKin are mediated by HRG, A�2 and A�3 (steps

6, 8, 11 and 12). A series of reactions comprised of steps 1—8 generates fast signaling to MEK while that of steps 9—12 generates slow signaling. MEK activity is

regulated by fast RsT and slow pKin (steps 13—15).

(B) Simulated MEK activation dynamics. Quantified ppMEK data is identical to those shown in Figure 1 and Figure S1.
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Figure S4. Related to Figure 4

Representative blot images corresponding to the quantified data in Figure 4. Responses of ppERK (A and B), pc-Fos and c-Fos (C and D) to multiple EGF and HRG

doses.
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Figure S5. Related to Figure 6

Full simulation results exploring the role of ppERK dynamics in the pc-Fos response and representative blot images corresponding to the quantified data in

Figure 6. Each z-axis corresponds to the integrated pc-Fos output as calculated by the core model.

(A) Effects of Tp and t when Ap = 1, as typically observed for 10 nM EGF, 10 nM HRG, and 10 nM NGF. As the decay time increases, the integrated pc-Fos output

increases sigmoidally. Increasing Tp slightly decreases the sigmoid plateau.

(B) Effects of Ap and t when Tp = 10, as typically observed for all ligand doses in PC-12 and MCF-7 cells. There is again a sigmoidal relationship between t and the

integrated pc-Fos response. Increasing the peak amplitude greatly increases the sigmoid plateau.

(C) Effects of Tp and Ap when t = 10, as typically observed for 10 nM EGF. Increasing the peak time and time to peak both increase the integrated pc-Fos response

in a nearly linear manner.

(D) Effects of Tp and Ap when t = 100, as typically observed for 10 nM HRG and 10 nM NGF. Increasing the peak amplitude increases the integrated pc-Fos

response in nearly a linear manner, whereas the time to peak has negligible effects.

(E) Representative blots for ERK activation and c-Fos induction in response to 10 nM EGF and 10 nM NGF stimulation in PC-12 cells and EGF+PMA in MCF-7

cells. Quantification of these blots is shown in Figures 6D and 6E.

Cell 141, 884–896, May 28, 2010 ª2010 Elsevier Inc. S13



Figure S6. Number of Interaction Partners for Different Transcription Factors, Related to Figure 7

Transcription factors (TFs) that satisfied the following three criteria were extracted from the TRANSFAC database (ver.11.4): (1) they have an Entrez Gene ID, (2)

their target gene DNA binding sites have an Entrez Gene ID, and (3) they have at least one interaction partner. To check the third criterion and to calculate the

number of interaction partners for each TF, the protein interaction data set (provided as part of Entrez Gene database -ftp://ftp.ncbi.nih.gov/gene/GeneRIF/) was

utilized. TFs which contain a DEF domain and are early responders in HRG-stimulated MCF-7 cells are depicted by a red bar together with their gene symbol.
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