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► We present a mathematical model to
determine the relevance of feedback
loops in the TGF-β signaling.

► Our computational analysis indicated
that oscillations are possible under re-
alistic conditions.

► Smad7 and Smurf1/2 have the stron-
gest potential to act as negative feed-
back regulators.

► Ski, SnoN, SARA, Arkadia have a high
potential to also act as positive feed-
back mechanisms.

► Preliminary experimental data revealed
amore dynamic behavior than the sim-
ple on-off mechanism.
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Negative and positive feedback
Transforming growth factor β (TGF-β) ligands activate a signaling cascade with multiple cell context de-
pendent outcomes. Disruption or disturbance leads to variant clinical disorders. To develop strategies for
disease intervention, delineation of the pathway in further detail is required. Current theoretical models
of this pathway describe production and degradation of signal mediating proteins and signal transduc-
tion from the cell surface into the nucleus, whereas feedback loops have not exhaustively been included.
In this study we present a mathematical model to determine the relevance of feedback regulators (Arka-
dia, Smad7, Smurf1, Smurf2, SnoN and Ski) on TGF-β target gene expression and the potential to initiate
stable oscillations within a realistic parameter space. We employed massive sampling of the parameters
space to pinpoint crucial players for potential oscillations as well as transcriptional product levels. We
identified Smad7 and Smurf2 with the highest impact on the dynamics. Based on these findings, we con-
ducted preliminary time course experiments.

© 2011 Elsevier B.V. All rights reserved.
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1. Introduction

Molecular dissection of signal transduction pathways provides
insights into cell responses towards a particular stimulus. Trans-
forming Growth Factor β (TGF-β) family ligands, which comprise
e.g. bone morphogenetic proteins (BMPs) and activins, are known
as regulators of multiple cellular processes, including immune
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suppression, angiogenesis, apoptosis, cell growth and epithelial
mesenchymal transition (EMT) [1–3].

Similar to other signaling cascades TGF-β signaling in general
procedes via a series of protein activations (e.g. by phosphorylation)
and complex formations until a transcription activator translocates
into the nucleus where it can influence gene expression. At the
same time feedback species are formed which inhibit diverse steps
in the signaling pathway.

Specifically, TGF-β initializes signal transduction by binding to
the TGF-β receptor type II (TGF-βRII) which recruits the type I re-
ceptor (TGF-βRI) leading to its activation by phosphorylation [4].
The activated receptor/ligand complex phosphorylates cytoplasmic
receptor-Smads (R-Smads: Smad2 and Smad3) which form homo-
or hetero-oligomers with the common-mediator Smad (Co-Smad:
Smad4).

R-Smads and Smad4 shuttle continuously between the cytoplasm
and the nucleus whereas the R-Smads undergo cycles of receptor-
mediated phosphorylation and dephosphorylation [5,6]. Transloca-
tion of activated Smad complexes into and their accumulation in
the nucleus as well as their interactions with corepressors or coacti-
vators differentially regulates TGF-β target gene expression resulting
in the aforementioned context dependent cellular responses [7–9].
Inhibitory Smad7 is activated via a negative feedback loop of the
TGF-β pathway by the signaling cascade.

Interaction of activated Smad complexes with corepressors Ski
and SnoN leads to repression of the activated complexes, thereby
inhibiting Smad dependent target gene expression [10]. Inhibitory
Smad7 recruits Smurf1/2 to the active receptor and mediates ubiqui-
tination and degradation of the active receptor-ligand complex [11].

Strength and duration of the TGF-β signal is reflected by the
amount of active Smad complexes and their respective target gene
transcription rate in the nucleus which is critical for the control of bi-
ological responses [5]. Despite detailed knowledge about involved
players in TGF-β mediated signal transduction, the mechanisms
how information is processed along the pathway is not clear, yet.

Feedback loops generally predominate regulation of and informa-
tion processing along signaling pathways by determining duration
and strength of the signal. In addition, numerous signaling pathways
utilize feedback loops as a mechanism for information generation
encrypted in e.g. oscillations. Calcium signal transduction is probably
the best studied example for information processing in oscillations
[12–14]. In hepatocytes for example, the frequency of calcium oscilla-
tions contains the information about the strength of the stimulus,
whereas the shape of the amplitude encodes information about the
kind of stimulus (for a review see [15]). Furthermore, cAMP [16],
NFκB [17], and MAPK [18] have been shown to oscillate under a num-
ber of circumstances for information processing.

Mathematical modeling was employed to study and understand
the biochemical mechanisms underlying these oscillations and to
get more insights into the nature of information transfer in the re-
spective systems, e.g. determination of transcriptional outcome
[19–21].

To understand factors that influence the information processing
in the TGF-β signal transduction pathway we developed a detailed
mathematical model to determine the influence of feedback loops
on the dynamics in the signaling. Moreover, it was reported that
BMP, one member of the TGF-β super family, induces oscillations in
the range of one to two hours which has been shown in mRNA and
protein concentration measurements of receptor-regulated and in-
hibitory Smads [22]. Therefore, we also analyze the potential of
TGF-β signaling to display oscillatory dynamics and the likely range
of frequencies expected.

The mathematical models currently published for the TGF-β
signaling pathway are far from describing feedback loops and their
influence on dynamics of the pathway. Vilar et al. [23] developed a
model comprising ligand binding, receptor complexes formation
and degradation. The main focus of the models of Clarke and co-
workers [24] and Melke and colleagues [25] was R-Smad phosphor-
ylation, complex formation with Co-Smads and translocation into
the nucleus. The latter model additionally includes Smad7 inhibiting
active receptor complexes. Zi and Klipp [26] combined these models
[23–25], while Schmierer et al. [27] presented a model describing
Smad (de)phosphorylation, mainly focusing on the shuttling of the
Smads between cytoplasm and nucleus. Additionally, Zi et al. recent-
ly published the sensitivity of the signal activity according to ligand
doses at different time scales [28]. Although these models are help-
ful, they lack the integration of the several feedback mechanisms,
an indispensable requirement to understand information processing
along the TGF-β signaling cascade.

In the present article, we set up a newmodel for the TGF-β signal-
ing pathway by including:

• formation of receptor complexes,
• recruitment and phosphorylation of R-Smads (Smad2 and Smad3) as
well as formation of active Smad complexes with Co-Smads (Smad4),

• shuttling between cytoplasm and nucleus, and
• feedback loops including Arkadia, Smad7, Smurf1, Smurf2, SnoN and
Ski.

With the present redefined model we predicted the impact of
feedback loops on the concentration of transcriptionally active Smad
complexes, target gene transcription and on whether or not the path-
way exhibits oscillations within a realistic range of parameters. In
addition, we investigated likely periods of the oscillation to guide ex-
perimental investigations.

The suggested narrow time point sampling with different TGF-β
concentrations revealed experimental data with a more dynamic be-
havior of the pathway than the simple on-off mechanism outlined in
current literature [29,5] and in existing computational models
[23–25].

2. Material and methods

2.1. Computational approaches

The model is represented by a set of ordinary differential equa-
tions (ODEs) which are listed in the supplement. Simulations were
performed by numerical integration of the ODEs using Copasi [30].
Steady-state calculations, optimization, sensitivity analysis and ran-
dom sampling were also done with Copasi.

2.2. Experimental approaches

2.2.1. Reagents
Recombinant TGF-β1, Peprotech (Hamburg, Germany) or R&D

Systems GmbH (Wiesbaden, Germany), used as indicated. Transfec-
tion reagents RNAiMAX, Invitrogen (Karlsruhe, Germany) and Lipo-
fectamine 2000, Invitrogen (Karlsruhe, Germany); siRNA, Qiagen,
(Hilden, Germany); Ad(CAGA)9-MLP-Luc was described previously
[31–33]; AdGFP was used as control. An MOI of 100 was used for in-
fection with Ad(CAGA)9-MLP-Luc and AdGFP. Antibodies used: anti-
Smad2/3 (Cell Signaling Technology, Boston, USA), pSmad2, pSmad3
(Cell Signaling), β-actin (Sigma), SARA (SantaCruz Biotechnology,
Santa Cruz, USA). Horseradish peroxidase-linked secondary anti-
bodies were either from SantaCruz or GE Healthcare (München,
Germany).

2.2.2. Isolation of primary hepatocytes
Mouse hepatocytes were isolated by a two step collagenase perfu-

sion procedure from 6 to 12 week old male C57BL/6 mice (Charles
River) [34]. The use of mice for hepatocyte isolation has been ap-
proved by the animal care committees. Animals were handled and
housed according to specific pathogen free (SPF) conditions.
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2.2.3. Cell culture
Non-differentiated AML12 mouse hepatoma cells were obtained

from American Type Cell Culture Collection (ATCC). Cells were
grown in F-12/DMEM complete medium (Invitrogen, Karlsruhe,
Germany) and were plated at a density of 3×105 in 6-well plates,
starved over night with 0% FBS medium before human TGF-β
(1 ng/ml) (Peprotech, London, UK) was added.

Primary hepatocytes were seeded and cultured with a density of
2×106 in 2 ml full medium (phenol red-free Williams E medium
(Biochrom)) supplemented with 10% (v/v) FBS (Invitrogen), 1 mM
dexamethasone, 10 mg/ml insulin, 2 mM L-glutamine, and 1% (v/v)
penicillin/streptomycin 100x (both Invitrogen) using collagen I-
coated 6 cm dishes (BD Biosciences) at 37 °C, 5% CO2 and 95% humi-
fied atmosphere. After 4 h cells were washed with PBS (PAN Biotech)
to remove unattached hepatocytes and subsequently cultured in cul-
tivation medium (phenol red-free Williams E medium supplemented
with 1 mM dexamethasone, 2 mM L-glutamine, and 1% (v/v) penicil-
lin/streptomycin 100x) over night. 4 h prior conducting the experi-
ment, hepatocytes were starved for 4 h in reduced medium (phenol
red-free Williams E medium supplemented with 2 mM L-glutamine,
and 1% (v/v) penicillin/streptomycin 100x). For stimulation experi-
ments of hepatocytes 1 ng/ml recombinant human TGF-β1 (R&D
Systems GmbH, Wiesbaden, Germany) was used.

2.2.4. Transient transfection
AML12 cells were seeded in 12 well plates and transfected using

Lipofectamine 2000 (Invitrogen, Karlsruhe, Germany) according to
manufacturers' instructions. Plasmids were obtained from Addgene
(Cambridge, USA), wtSARA (Addgene plasmid 11738) and SARA dSBD
(Addgene plasmid 11737) lacking the Smad binding domain. TGF-β
stimulation experiments were conducted 16 h post transfection.

2.2.5. Adenovirus preparation, quantification and infection
Adenovirus vectors were expanded, purified and quantified as

described [35]. AML12 cells were seeded with a density of 1×105 in
12-well plates. 2 h after Adenoviral infection, cells were washed 3
times with HBBS and incubated over night in serum free F12/DMEM
medium as indicated under cell culture conditions.

2.2.6. siRNA knock down
AML12 cells were seeded in 24-well plates and transfected with

siRNA against SARA (5′-AACAATGGAAATAATAGTAAA-3′) and AllStars
RNAi control from Qiagen (Qiagen, Hilden, Germany) with RNAiMax
(Invitrogen, Karlsruhe, Germany) due to manufacture's instruction.

2.2.7. Luciferase reporter assay
For luciferase reporter assays, AdCAGA9-MLP-Luc was used

[31,32]. Luciferase activity was measured with Steady-Glo Luciferase
(Promega, Mannheim, Germany) as described [33]. Luminometric
measurements were performed using either Tecan infinite M200 or
Thermo Luminoskan Ascent (Thermo Fisher, Schwerte, Germany).
Obtained values (Unit D relative light units, RLU) were normalized
to protein content. Results presented are means±SE of three inde-
pendent experiments.

For immunoprecipitation, whole cell lysates of primary hepato-
cytes were prepared with RIPA buffer, supplemented with protease
and phosphatase inhibitors. Lysates were rotated for 20 min at 4 °C
and sonicated for 30 s (Sonopuls, Bandelin). Following centrifugation
for 10 min at 14,000 rpm and 4 °C, supernatants were collected and
incubated with anti-Smad2/3 antibody over night (diluted 1:1000,
Cell Signaling). Immunoprecipitated proteins were separated by
SDS-PAGE and immunoblotting was performed with anti-Smad2/3
(diluted 1:1000) and anti-pSmad2 (diluted 1:1000, Cell Signaling).
Horseradish peroxidase conjugated secondary antibodies (GE Health-
care) were used for chemiluminescence detection employing ECL or
ECL Advance substrate (GE Healthcare). Signal quantification was
performed using a LumiImager system (Roche Diagnostics) as de-
scribed before [36].

3. Results

3.1. Mathematical model of the TGF-β signaling pathway

The outcome of signal transduction in biological systems is deter-
mined by events in different cellular compartments. In the present
model of TGF-β signaling we implemented the main cellular localiza-
tions of reactions, the cytoplasm and the nucleus. The model consists
of 91 reactions as well as 53 species in two compartments and will be
available on Biomodels.net [37]. We selected mass action kinetics to
describe most of the investigated reactions, whereas phosphorylation
and dephosphorylation events of Smad proteins are described by
Michaelis-Menten-type kinetics. Mass action kinetics are appropriate
for complex formation and other non-enzymatic events. Its use for
complex/protein degradation, however, is a simplification. A graphi-
cal representation of the model is shown in Fig. 1 and the reactions
are displayed in Table 1, whereas related kinetics and parameters
are shown in Table 2. The differential equations can be found in the
supplementary material.

The receptor complex is formed at the cell membrane and is ini-
tialized by ligand binding to the TGF-β-RII (Table 1 reaction 5),
which recruits TGF-β-RI (Table 1 reaction 6). Type I and type II recep-
tors are synthesized and degraded (Table 1 reactions 1–4), whereas the
active receptor complex is either degraded (Table 1 reactions 7+25) or
recycled (Table 1 reactions 6+8).

The active receptor complex recruits and phosphorylates cytoplas-
mic R-Smads, Smad2 and Smad3 (Table 1 reaction 11) [4]. Smad2 and
Smad3 are structurally similar (92% identity at the amino-acid se-
quence level [38]) and according to current knowledge both take
part in similar reactions during TGF-β downstream signaling. Varia-
tions in the biological outcome are cell type/context dependent and
arise in the nucleus, where Smad2 and Smad3 have distinct affinities
to transcriptional co-regulators and interact with different transcrip-
tion factors to regulate the transcription of target genes [39]. In con-
trast to the simplified scheme in Fig. 1 and in Table 1, in the present
model Smad2 and Smad3 as well as Smurf1, Smurf2, Ski and SnoN
are treated as independent components (variables).

Constitutive expression of components is implemented in the
model with constant production rates and linear degradation rates
(e.g. Table 1: reactions 9, 10), while the production of feedback spe-
cies is dependent on gene activation by Smad complexes (e.g.
Table 1: reactions 22). In addition to the linear degradation rate, R-
Smads are degraded upon ubiquitination — in the case of Smad2
this process is Smurf2 dependent (Table 1: reaction 40). Phosphory-
lated R-Smads (pRSmads) homo- or hetero-oligomerize [40,41]
with Co-Smad4 (Table 1: reactions 16–18), translocate to the nucleus
and bind to transcription factors and specific promoter sites [42]. The
exact composition of these active Smad complexes is still under de-
bate and may vary cell type and context dependent [39]. Since phos-
phorylated R-Smads preferentially form hetero-oligomers, which are
also more efficient than homo-oligomers [41,43,27], we did not inte-
grate the formation of homo-oligomers into the model. The stoichi-
ometry of this reaction can easily be adjusted to create other
compositions, if necessary.

Binding of Smad4 to phosphorylated R-Smads and formation of
active Smad complexes occurs in the cytoplasm (Table 1: reaction
18) as well as in the nucleus (Table 1: reaction 41) [4]. The cytoplas-
mic complexes translocate to the nucleus with similar rates as (un)
phosphorylated Smads [43,44] (Table 1: reaction 35). All active
Smad complexes and phosphorylated R-Smads are retained in the
nucleus until R-Smads are dephosphorylated by nuclear phospha-
tases PPM1A/PP2Ca [45], which then results in release of Smad4
(Table 1: reactions 43, 44) [4,5]. Only monomeric unphosphorylated
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R-Smads and Smad4 translocate back to the cytoplasm [43] (Table 1:
reactions 32, 34) and re-enter the cycle of phosphorylation, complex
formation, translocation and dephosphorylation as long as the TGF-β
receptors remain active [4].

The Smad anchor for receptor activation (SARA) (Table 1: reac-
tions 12, 13) recruits R-Smads and presents them to the active
ligand-receptor complex (Table 1: reactions 14, 15) [46] in the
EEA1 endosome, where SARA is located [47]. Phosphorylation of
SARA-bound Smads decreases their binding affinity to SARA and
causes their release [48,40]. It is controversially discussed in the
Fig. 1. A graphical overview of main reactions and feedback loops in the presented model
Smad complexes in the nucleus are excluded from the map to reduce complexity. All reactio
in the model.
literature whether the interaction with SARA is required for Smad
C-terminal phosphorylation [49,50] or not [51,52].

Due to simplifications, the reactions involving SARA occur in the
cytoplasm in the present mode. The decision not to integrate SARA
interaction in further detail is based on experimental results from
AML12 cells, as described in the section Experimental results.

Since the release of SARA is induced by receptor-mediated Smad
phosphorylation [46], the production rate for SARA increases with
the concentration of formed Smad complexes, reflecting the strength
of the TGF-β signal (Table 2: reaction 12). The same rate law is
of TGF-β signaling as SBGN map [83]. Most transport reactions as well as formation of
ns with glyphs that are named by two proteins are represented as two single reactions



Table 1
Reaction equations and the used rate laws. Note, equations with R-Smad represent two
different reactions in the model, since Smad2 or Smad3 were included as separate vari-
ables. The same holds for Ski/SnoN and Smurf1/2.

Reaction Description Rate law

Cytoplasm
1 →TGFβRI Input Constant flux
2 →TGFβRII Input Constant flux
3 TGFβRI→ Degradation Mass action
4 TGFβRII→ Degradation Mass action
5 2TGFβRII→TGFβ _TGFβRII Ligand binding Own rate law
6 TGFβ _TGFβRII+2TGFβRI↔Recact Receptor complex Mass action
7 Recact→ Degradation Mass action
8 TGFβ _TGFβRII→2TGFβRII Receptor recycling Mass action
9 →RSmadc Input Constant flux
10 RSmadc→ Degradation Mass action
11 RSmadc→pRSmadc Phosphorylation Michaelis-

Menten
12 → SARA Input Own rate law
13 SARA→ Degradation Mass action
14 RSmadc+SARA↔RSmad _SARA Binding Mass action
15 RSmad _SARA→pRSmadc+SARA Phosphorylation Own rate law
16 →Smad4c Input Constant flux
17 Smad4c→ Degradation Mass action
18 2pRSmadc+Smad4c→pRSmad _Smad4c Complex Mass action
19 →Smad7c Input Own rate law
20 Smad7c+Recact↔Rec _Smad7 Inhibition Mass action
21 Smad7c→ Degradation Mass action
22 →Smurf1/2c Input Own rate law
23 Smurf1/2c→ Degradation Own rate law
24 pRSmadc→RSmadc Dephosphorylation Own rate law
25 Recact+Smad7 _ Smurf1/2c→ Degradation Mass action
26 →SnoN/Ski Input Own rate law
27 SnoN/Ski→ Degradation Mass action
28 RSmadc+Ski↔RSmad _Skic Inhibition Mass action
29 →Arkadiac Input Mass action
30 Arkadiac→ Degradation Mass action

Transport
31 Arkadiac→Arkadian Mass action
32 RSmadc↔RSmadn Mass action
33 pRSmadc→pRSmadn Mass action
34 Smad4c↔Smad4n Mass action
35 pRSmad _Smad4c→pRSmad _Smad4n Mass action
36 Smad7c↔Smad7n Mass action
37 Smad7 _ Smurf1/2c↔Smad7 _ Smurf1/2n Mass action
38 Smurf1/2c↔Smurf1/2n Mass action
39 SnoN/Skic↔SnoN/Skin Mass action

Nucleus
40 Smad2n+Smurf2n→ Degradation Mass action
41 2pRSmadn+Smad4n→pRSmad _Smad4n Complex Mass action
42 pRSmadn→RSmadn Dephosphorylation Own rate law
43 pRSmad _Smad4n→RSmad _Smad4n Dephosphorylation Michaelis-

Menten
44 RSmad _Smad4n→2RSmadn+Smad4n Dissociation Mass action
45 pRSmad _Smad4n+2SnoN/

Skin↔pRSmad _Smad4 _ SnoN/Skin
Inhibition Mass action

46 pRSmad _SnoNn+Smurf2n→pRSmadn Degradation of
SnoN

Mass action

47 Smad4n+SnoN/Skin↔Smad4 _ SnoN/Skin Inhibition Mass action
48 Smad7n+Smurf1/2n↔Smad7 _ Smurf1/2n Complex Mass action
49 Smad3n→ Degradation Mass action
50 pRSmad _Smad4n+ freePromoters↔

geneProduct
Transcription Mass action

51 pRSmad _Smad4 _ SnoN/Skin+
freePromoters↔inactivePromoters

Repression Mass action

52 Smad4 _ SnoN/Skin+ freePromoters↔
inactivePromoters

Repression Mass action

53 pRSmadn+SnoNn→pRSmad _SnoNn Complex Mass action
54 pRSmad _SnoNn+Arkadian→pRSmadn Degradation Mass action
55 pRSmad _Smad4n→ Degradation Mass action
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defined for the production of Ski, SnoN, Smurf1 and Smurf2, which
are all induced by the TGF-β signaling pathway (Table 2: reaction
22, 26).
One important feature of signal transduction processes in biologi-
cal systems, to guarantee the ability to respond to a novel stimulation
and to keep the pathway functional, is time limitation of activity.
Shutting off signal transduction is achieved via inhibitory pathways,
which are in general induced by negative feedback mechanisms.
Therefore, the following negative feedback loops were implemented
into the model:

• induction of Smad7
• Smurf-Smad7 axis
• Ski-SnoN axis
• Arkadia

Active Smad complexes in the nucleus induce the expression
of Smad7 (I-Smad) [53,32] (Table 1: reactions 19, 21) which
binds to the active ligand-receptor complex, thereby blocking
binding and phosphorylation of cytoplasmic R-Smads (Table 1:
reaction 20) [54,55]. The Smad4-SnoN complex (Table 1: reaction
47) is binding to the Smad7 promoter and blocks expression of
Smad7 [56] (this is incorporated into the rate law of reaction 19
in Table 2).

Smurf1 and Smurf2 are located in the nucleus and the cytoplasm
(Table 1: reactions 22, 23) [11]. Both are, like Smad7, induced by
TGF-β signaling for feedback regulation of the pathway (Table 2: re-
action 22). In the nucleus Smurf1 and Smurf2 form complexes with
Smad7 (Table 1: reaction 48). Thereafter, the complexes move to
the plasma membrane (Table 1: reaction 37) and target active
receptor-ligand complexes for degradation (Table 1: reaction 25)
[11,57]. Another part of the Smurf-Smad7 axis in the negative regula-
tion of the TGF-β signaling is, that the concentration of Smad7 en-
hances the auto-ubiquitination of Smurf2 [58] (this is incorporated
into the rate law of reaction 23 in Table 1), while Smurf2 supports
the degradation of unphosphorylated Smad2 via the proteasome
(Table 1: reaction 40) [59].

Ski and SnoN (Table 1: reactions 26, 27), both members of the
Ski family [60,61] are nuclear co-repressors and are part of the
Ski-SnoN negative feedback loop, bind to the same DNA sequence
like active Smad complexes, thus preventing Smad dependent
target gene expression (Table 1: 45, 51) [61,10]. Since this com-
petitive binding is the single inhibitory mechanism described for
the Ski-SnoN feedback loop at the DNA level, we assume that
the Smad complex is inactive if SnoN or Ski is bound to DNA
and is active after their dissociation. If SnoN binds to the phos-
phorylated R-Smads (Table 1, reaction 53) [62], the R-Smads
can recruit Smurf2 which will degrade SnoN (Table 1, reaction
46) [63]. Ski and SnoN can also bind to Smad4 only (Table 1:
reaction 47) [60], e.g. to repress expression of Smad7 (Table 1: re-
action 19) [64]. Complexes with Ski/SnoN and other transcription
factors may in addition bind to the DNA in competition with trans-
criptionally active Smad complexes, thereby preventing gene
expression.

The last negative feedback loop of TGF-β signaling in the present
model is controlled by Arkadia [65–67], which degrades Ski/SnoN
bound to phosphorylated R-Smads in the nucleus (Table 1: reaction
54) and physically interacts with Smad7, thus targeting it for ubiqui-
tination and degradation (Table 1: reaction 21).

Based on the above knowledge, we added several transport mech-
anisms in the present model to exchange components (shuttling of
Arkadia, R-Smad, Smad4, Smad7, Ski, SnoN, Smurf1 and Smurf2) be-
tween the cytoplasm and the nucleus (Table 1: reactions 31–39),
whereby transport of the (phosphorylated) R-Smads, Smad4, and
the active complexes are independent from each other (Table 1: reac-
tions 33–35) [5].

The reactions 50–52 in Table 1 describe in a simplified way the
binding of active and repressor complexes to target promoter sites
in TGF-β responsive genes.



Table 2
Mathematical representation of each reaction, including parameters as available in the
literature. If a parameter value differs from the literature value, the literature value is
shown next to the reference. Parameters which are not from literature were estimated.
This set of parameters is used for Fig. 2. Units used: min, l and μmol.

rct Function Parameters Reference

1 f1=v1 v1=0.0125 0.125 [23]
2 f2=v2 v2=0.00146 0.25 [23]
3 f3=k3[TGFβRI] k3=0.027778 [23]
4 f4=k4[TGFβRII] k4=0.027778 [23]
5 f5=k5[TGFβRII]2[TGFβ] k5=9.45
6 f6=k6[TGFβ _TGFβRII][TGFβRI]2−

k−6[Recact]
k6/−6=0.03333 [23]

7 f7=k7[Recact] k7=0.027778 [23]
8 f8=k8[TGFβ _TGFβRII] k8=0.033333 [23]
9 f9=v9 v9Smad2=0.0156,

v9Smad3=0.04528
10 f10=k10[RSmadc] k10=0.2
11 f 11 ¼ k11 Recact½ � RSmadc½ �

Km11 þ RSmadc½ � k11=1000,
Km11

=0.0318
12 f12=v12+k12[geneProduct] v12=0.0001,

k12=0.031
13 f13=k13[SARA] k13=0.065
14 f14=k14[RSmadc][SARA]−

k−14[RSmadSara]
k14=1,k−14=0.1

15 f 15 ¼ k15 Recact½ � RSmadSara½ �
Km15 þ RSmadSara½ � k15=3.51,

Km15
=0.53

[24]

16 f16=v16 v16=0.01183
17 f17=k17[Smad4c] k17=0.1266
18 f18=k18[pRSmadc]2[Smad4c] k18=1000
19 f 19 ¼ v19þk19 geneProduct½ �

1þ Smad4SnoN½ �þ Smad4Ski½ � v19=0.0001,
k19=0.1

20 f20=k20[Smad7c][Recact]−
k−20[Rec _Smad7]

k20=8.69,
k−20=0.01

21 f21=k21[Smad7](1+[Arkadia]) k21=0.1
22 f22=v22+k22[geneProduct] v22Sm1=0.0001,

k22Sm1=0.0022
v22Sm2=0.000228,
k22Sm2=0.00285

23 f23=k23[Smurf1/2](1+[Smad7c]) k23Sm1=0.5,
k23Sm2=0.05

24 f 24 ¼ V24 pRSmadc½ �
Km24 þ pRSmadc½ � V24=0.53,

Km24
=3.51

[24]

25 f25=k25[Recact][Smad7 _ Smurf1/2c] k25=1900
26 f26=v26+k26[geneProduct] v26=0.00002,

k26=0.00055
27 f27=k27[SnoN/Skic] k27=0.232
28 f28=k28[RSmadc][Skic]−k−28[RSmad _Skic] k28/−28=0.1
29 f29=v29 v29=0.00002
30 f30=k30[Arkadiac] k30=0.1
31 f31=k31[Arkadiac]−k−31[Arkadian] k31=0.1,

k−31=0.1
[24]

32 f32=k32[RSmadc]−k−32[RSmadn] k32=0.156,
k−32=0.336

[86]

33 f33=k33[pRSmadc] k33=16.6 [24]
34 f34=k34[Smad4c]−k−34[Smad4n] k34/−34=0.156 [86]
35 f35=k35[pRSmad _Smad4c] k35=0.16 [26]
36 f36=k36[Smad7c]−k−36[Smad7n] k36=0.1,

k−36=0.01
37 f37=k37[Smad7 _ Smurf1/2c]−

k−37[Smad7 _ Smurf1/2n]
k37=1,k−37=0.01

38 f38=k38[Smurf1/2c]−k−1[Smurf1/2n] k38Sm1=0.05,
k−38Sm1=3
k38Sm2=0.2333,
k−38Sm2=1.8056

39 f39=k39[SnoN/Skic]−k−39[SnoN/Skin] k39=0.1,k−39=0.2
40 f40=k40[Smad2n][Smurf2n] k40=0.2
41 f41=k41[pRSmadn]2[Smad4n] k41=255.068
42 f 42 ¼ V42 pRSmadn½ �

Km42 þ pRSmadn½ � V42=3.51,
Km42

=0.53
[24]

43 f 43 ¼ V43 pSmadSmad4n½ �
Km43 þ pSmadSmad4n½ � V43=2.34,

Km43
=40

44 f44=k44[RSmad _Smad4] k44=0.0492 [24]
45 f45=k45[pRSmad _Smad4n][SnoN/Skin]2−

k−45[pRSmad _Smad4 _ SnoN/Skin]
k45/−45=1.6 [90]

46 f46=k46[pRSmad _SnoNn][Smurf2] k46=0.232
47 f47=k47[Smad4n][SnoN/Ski]−

k−47[Smad4 _ SnoN/Skin]
k47=1,
k−44=0.05288

(continued on next page)

Table 2 (continued)

rct Function Parameters Reference

48 f48=k48[Smad7n][Smurf1/2n]−
k−48[Smad7 _ Smurf1/2n]

k48=2.9,k−48=0.2

49 f49=k49[RSmadn] k49=0.2
50 f50=k50[pRSmad _Smad4n][freePromoters]−

k−50[geneProduct]
k50=0.463,
k−50=0.102

51 f51=k51[pRSmad _Smad4 _ SnoN/Skin]⋅
[freePromoters]−k−51[inactivePromoters]

k51/−51=0.2

52 f52=k52[Smad4 _ SnoN/Skin][freePromoters]−
k−52[inactivePromoters]

k52/−52=0.2

53 f53=k53[pRSmadn]3[SnoNn]3−
k−53[pRSmad _SnoNn]

k53/−53=1 [90]

54 f54=k54[pRSmad _SnoNn][Arkadian]3 k54=0.1
55 f55=k55[pRSmad _Smad4n] k55=0.005
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3.2. Analysis of feedback loops

To understand which factors participate in information processing
and have impact on time course of TGF-β signaling, we investigated
a) if and how this signaling pathway can give rise to oscillations and
b) how the steady-state levels of the transcriptionally active Smad-
complex as well as gene products depend on regulation of this path-
way, i.e. feedback loops in the system.

To identify oscillating behavior of TGF-β Smad signaling within a
realistic parameter range, we used global optimization algorithms.
The basic idea of optimization is to maximize a (heuristically defined)
target function for which the value will be large if the simulation has
oscillatory behavior. The target function is defined by the integral
over time of the absolute rate change values of one species in the
model over time. This integral quantifies concentration changes in
either direction during simulation time. If the concentration changes
a lot in relation to its average value, this may indicate oscillations. A
diagram exemplifying this approach can be found in the supplement.
This is only a heuristic measure since a single very large peak could
result in a large absolute concentration change in relation to its end
value. However, this is unlikely to occur since we start integration
of the change after some time (when transients have settled) and
we integrate over a long period of time (so that even small oscilla-
tions could add up to more absolute change than one single large
peak). This leads to the target function

f ¼ r
c

ð1Þ

where r is the integral of the absolute value of the rate of change of
one of the species and c denotes the average concentration.

This target function would be maximized using a global optimiza-
tion algorithm. A problem with this is that this function can be max-
imized either by increasing the change or by decreasing the average
concentration to very small values. To avoid the latter we use the
following target function

f ¼ r þ r⋅c
1þ cþ c2

ð2Þ

where r and c are defined as above. This function behaves like r/c for
large c but approaches r for small values of c, while being monoto-
nous in between. We used the global optimization routines particle
swarm [68], genetic algorithm [69] and evolutionary strategies [70]
to optimize this function and find oscillations. These optimizers are
based on different strategies. To increase the likelihood for finding
the optimum, we applied each of them.

Default parameters as implemented in Copasi were used for
the optimization (e.g. particle swarm: swarm size 50, std. deviation
1e-06; genetic algorithm and evolutionary strategies: population
size 20).



Fig. 2. Predicted oscillatory results for the concentration of phosphorylated Smad2, the
active Smad2-Smad4 complexes, and the target gene transcription in the nucleus cal-
culated in Copasi.

28 K. Wegner et al. / Biophysical Chemistry 162 (2012) 22–34
Global optimizers were used since we allowed the variation of
basically all parameters in the system creating a high-dimensional
parameter space. Whenever experimental data were available (see
Table 2), parameters were allowed to be varied by 20%. If no data
were available, starting with the values depicted in Table 2 all param-
eters were varied within a range from two orders of magnitude below
the starting value to three orders of magnitude above the starting
value. We additionally performed this analysis with even broader
(ranging seven orders of magnitude), as well as with a more narrow
range (ranging four orders of magnitude). In all cases, the results
were qualitatively the same.

Within these boundaries, large oscillatory regimes were found
with periods between ca. 30 min and 2 h (an example time series is
displayed in Fig. 2). We analyzed the impact of the different parame-
ters on frequency and amplitude of the displayed oscillations. This
was achieved by a sensitivity analysis computing the variation of
the frequency or amplitude caused by small perturbations of the re-
spective parameters. Only few parameters strongly influence the fre-
quency of the oscillations (with the parameter set displayed in Fig. 2).
These are parameters leading to the production or degradation of
Smad7 or the two receptor species. More parameters are influencing
the amplitude. This is no surprise, since the displayed parameter set
is relatively close to the Hopf bifurcation. In addition to the parame-
ters influencing the frequency, here parameters involved in the pro-
duction and degradation of Smad4 and RSmads, in the transport and
dephosphorylation of RSmads and in the transcription process are
prevalent.

To investigate which feedback loops are mainly responsible for the
observed behavior we manually varied parameters for the production
of the different feedback components (Arkadia, Smad7, Smurf1,
Smurf2, Ski, SnoN and SARA) starting at the values used for the time
series in Fig. 2. For the selected oscillatory regime, oscillations are
retained when the productions for SARA, Ski, SnoN and Smurf1 are
decreased to zero, while Smurf2 and Smad7 have a major impact
and cannot be abrogated.

However, to gain a more general picture of the impact of the dif-
ferent feedback species on the potential oscillatory dynamics, we
had to investigate a larger part of the parameter space which is man-
ually not possible. Therefore, we used the optimization procedures
described above, whereas knocking out one feedback species at a
time. Apart from the species listed above, the knock out of Smad7
or Smurf2 still results in oscillations in different places in parameter
space, while some species display high, unphysiological concentra-
tions (e.g. Smad4).

Finally, we could not achieve stable oscillatory behavior with our
approach when knocking out both Smad7 and Smurf2. Obviously,
since it is not absolutely certain that there does not exist a very
small oscillatory regime, this does not mean that our results are a
proof that no oscillations can occur without Smad7 and Smurf2, but
if this is possible, we do not expect the respective parameter regime
to be large and the behavior to be very likely and/or stable.

Apart from the impact on oscillatory behavior we were interested
in the impact of feedback components on the concentration of active
Smad complexes and on the target gene transcription. Since most of
the parameters in the present system are unknown performing a
local approach, e.g. an ordinary sensitivity analysis by metabolic
control analysis [71] would not lead to conclusive results [72].

Therefore, we used a global approach to analyze the concentra-
tion control coefficients for two species of interest that represent
the outcome of the signaling event, namely active Smad complexes,
as well as target gene transcription by studying their dependency
on the synthesis of all feedback species.

Control coefficients in the course of a metabolic control analyses
are a specialized form of sensitivity analysis for biochemical systems
[73,74]. Sensitivity analyses are employed to determine which pa-
rameters are important to and which have a lesser impact on the
system's behavior. A sensitivity analysis computes how much a cer-
tain system property, for example a steady-state concentration, de-
pends on a specific parameter, for example a kinetic constant. The
specialized version, MCA, is very useful as a theoretical framework
because it provides a set of summation theorems that explain many
system-level properties of biochemical systems. Control coefficients
can be defined for any state variable or quantities derived thereof,
for example steady-state concentrations and fluxes. Control coeffi-
cients measure the response of the system variable in question to in-
finitesimal changes in the rate of one reaction of the system (for a
review see [71]).

It turned out that the best strategy for a global analysis in this spe-
cific case was to employ massive random sampling in parameter
space. With Copasi, millions of parameter sets were randomly select-
ed and concentration control coefficients for each of them computed.
Results for the concentration of the active Smad2 complexes in the
nucleus and the target gene transcription are presented in Figs. 3
and 4. The histograms display how many times a concentration con-
trol coefficient of a certain magnitude has been found in parameter
space, which reflects the ability of the respective feedback species
to influence the transcription of those genes that are induced by
the signaling cascade. A small coefficient indicates that changing
the concentration of the species does not alter gene expression,
whereas a large coefficient indicates that there is substantial nega-
tive or positive influence onto gene expression. Coefficients equal
or larger than one represent a very strong control.

It is of note that the results need to be interpreted very carefully
since the distribution of coefficients does not imply by any means
that the real values are in the middle of the distribution or similar
since the real parameter set is a result of a non-random process
(namely evolution). However, the distribution can give insights
about minimal and maximal achievable control by a given parameter.
Thus, from the histograms (see Figs. 3 and 4) it is quite obvious that
Smad7 and the Smurfs have the strongest potential as negative feed-
back regulator, which coincides with our analysis describing their
impact on oscillatory dynamics, mainly driven by feedback loops.
Ski and SnoN and to a much lesser extend the other species can also
exert both positive, as well as negative control in the system which
is interesting by itself. Ski and SnoN have a higher potential for posi-
tive control than Smad7 and Smurf1/2, which corresponds to larger
positive control coefficients appearing during the random sampling
in parameter space. In contrast to this, SARA acts exclusively via pos-
itive feedback mechanism. The potential for control indicates that cell
type specific responses are dependent on different protein levels
resulting in different reaction velocities (parameters in our model)
and thus indicating completely different roles of players like Smad7,
the Smurfs or Ski/SnoN etc.

Regarding the role of SARA, our model does not capture all interac-
tions described, e.g. the mechanism related to Smad phosphorylation

image of Fig.�2
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in the context of TGF-β receptor endocytosis and therefore, it is pos-
sible that we underestimate its influence. However, our experimen-
tal investigations (see below) point to a minor role of SARA for the
system under investigation.

3.3. Experimental results

To evaluate if Smad3 phosphorylation is dependent on its inter-
action with SARA in AML12 cells, we over-expressed a dominant-
negative mutant, lacking the Smad-binding domain [51] in a higher
concentration than the endogenous SARA. However, even in the
presence of dnSARAwe observed a TGF-βmediated phosphorylation
of Smad3 (see Fig. 5 A) in AML12 cells. As remaining endogenous
Sara could be responsible for Smad3 phosphorylation, we applied
RNAi to specifically knock down SARA. In direct comparison with a
control siRNA we could validate the stability of our knock down for
72 h, while the control siRNA had no impact onto the expression of
SARA (see Fig. 5 B). Remarkably, the knock down of SARA in
Fig. 3. Histograms of the control coefficients of different production rates of feedback spec
the histogram with the control coefficients of Arkadia with respect to the active pSmad2-Sm
lated by Copasi in 500000 runs. All control coefficients larger than 1 or smaller than −1 ar
between −1 and 1, the y-axis the number of control coefficients that were found in a certa
AML12 cells did neither prevent phosphorylation of Smad3 (see
Fig. 5 C) nor block the transcriptional activity of Smad3, measured
in a reporter assay (see Fig. 5 D) using Ad(CAGA)9-MLP-Luc
[31–33]. These results indicate that at least in our cellular system
the interaction between SARA and Smads is dispensable for the
R-Smad phosphorylation and are in line with recent findings, show-
ing that Smad phosphorylation is independent of an endocyticstep
[75].

Based on the modeling results, we wanted to find evidence for the
predicted oscillatory dynamics in real systems. We selected phos-
phorylated Smad2 because it is predominant in driving TGF-β in-
duced fibrogenesis in the liver [76]. Based on the computational
prediction for oscillatory periods between 30 min and 2 h, time-
course sampled quantitative immunoblotting was performed with
sampling rates of 5 min or 10 min. To detect dynamical behavior,
we did not average over different experiments since very small differ-
ences between samples would lead to averaging the dynamics out
since small differences in the amplitude and especially the timing of
ies with respect to the concentration of active Smad2 complexes in the nucleus (e.g.
ad4 complex is titled Arkadia ->Smad2-P-Smad4) from the random sampling calcu-

e sampled in one column. The x-axis shows the value ranges of the control coefficients
in range.

image of Fig.�3
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amplitudes would lead to a diminishing of the dynamics when taking
averages. Rather, we focused on individual time series. These were
analyzed by computing a natural smoothing spline in gnuplot (option
acspline with value 0.0005 or 0.001) [77]. However, even though
the details of the dynamics varied a bit in between experiments,
half of the six experiments performed indicated a dynamic behavior
as exemplified by the time series in Fig. 6.

Application of 1 ng/ml TGF-β, highlighted the first peak of Smad2
phosphorylation after 80 min, followed by a decline and a second in-
crease starting after 140 min (see Fig. 6).

To validate our experimental data in cells close to the in vivo situ-
ation, we chose primary hepatocytes since existing hepatocyte cell
lines differ from primary hepatocytes in many relevant aspects [78].
Stimulation of primary mouse hepatocytes with 1 ng/ml TGF-β, caused
a rapid phosphorylation of Smad2 with a decline after 120 min, fol-
lowed by another increase (Fig. 7).

In summary, even though our experimental data highlights the
dynamic behavior of TGF-β signaling in primary hepatocytes and an
Fig. 4. Histograms of the control coefficients of different production rates of feedback spe
500000 runs (e.g. the histogram with the control coefficients of Arkadia are titled Arkadia
in one column. The x-axis shows the value ranges of the control coefficients between −1 a
existing hepatocyte cell line with current state-of the art technolo-
gies, the data is partially too noisy and the time-series too short
to allow conclusions beyond the fact that there is certainly more
dynamics involved than just a peak followed by a decline in pSmad
as indicated by earlier studies. Longer time series could be exten-
sively analyzed, e.g. for their stochastic content [79,80] or for the non-
linear dynamic properties [81]. It is very difficult to create longer,
reliable time-series with the employed technology, since we wanted
to load all time-points on a single gel in order to avoid normalization
errors resulting from inadvertable differences between gels. Thus the
number of data points is restricted. However, we can see that cellular
responses in hepatocytes, towards a TGF-β stimulation, are more
dynamic than a mere on/off response.

These results show that oscillations are feasible as indicated by our
mathematical model for TGF-β mediated signal transduction, but
more experimental data, e.g. on the single cell level and/or longer
time-series using different technologies are required for verifying
this result.
cies with respect to transcription based on random sampling calculated by Copasi in
->geneProduct). All control coefficients larger than 1 or smaller than −1 are sampled
nd 1, the y-axis the number of control coefficients that were found in a certain range.
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Fig. 5. A. Impact of SARA on TGF-βmediated signal transduction in AML12 hepatocytes.
AML12 cells were seeded in 12-well plates and transfected with plasmids as indicated.
16 h after transfection, cells were treated with TGF-β (5 ng/ml) for 30 min. Smad3
phosphorylation is not disturbed upon expression of dnSARA. B. Validation of SARA
siRNA knock down was proven by immunoblot expression analysis. AML12 cells
were transfected with siRNA as indicated and further cultivated for 48 h or 72 h. Pro-
tein lysates were probes with antibodies against SARA and β-actin. C. siRNA knock
down of SARA does not prevent TGF-β mediated phosphorylation of Smad3. 48 h
after transfection with control siRNAs or SARA siRNA (10 nM), AML12 cells were trea-
ted with 5 ng/ml TGF-β for the indicated time points. siRNA knock down of SARA does
not diminish phosphorylation of Smad3 by TGF-β. D. Luciferase assay of Ad(CAGA)9-
MLP-Luc infected AML12 hepatocytes as a function of SARA RNAi. 2 h after infection
AML12 cells were transfected with siRNA (10 nM) and 48 h later, cells were stimulated
with TGF-β (5 ng/mL) for 6 h. After lysate preparation, luciferase activity was mea-
sured and normalized to protein content. Knock down of SARA has no effect on TGF-
β mediated Smad signaling. Independent experiments were done in quadruplicate.

Fig. 6. Time course results of phosphorylated Smad2 in AML12 cells after application of
1 ng/ml TGF-ß concentration. QuantifiedWestern blots were normalized to ß-actin and
arbitrary units were calculated in correlation to the maximum value. For the technical
replicates three independent Western blot experiments were done. A smoothing spline
(smoothing parameter=0.0005) was fitted to the time courses in gnuplot. The data
point at time=220 min in the experimental technical replicate 3 was excluded from
the smoothing spline.

Fig. 7. Time course result of Smad2 phosphorylation in primary hepatocytes. Primary
mouse hepatocytes were stimulated with 1 ng/ml TGF-β. Smad2 was immunoprecipi-
tated (IP) from whole cell lysates and phosphorylated Smad2 was determined by sub-
sequent quantitative immunoblotting (IB) based on chemiluminescene detection with
the LumiImager system. For data processing, constant amounts of recombinant calibra-
tor proteins SBP-Smad2 were added to the samples prior to immunoprecipitation and
loading on SDS-PAGE gels. A smoothing spline (smoothing parameter=0.001) was
fitted to the time courses in gnuplot.
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4. Discussion

We presented a complex model of the TGF-β pathway that incor-
porates main processes including (de)phosphorylation, transport of
the signal to the nucleus and several feedback loops. This model is
consistent with the following experimental results:

• dimeric TGF-β molecules bind TGF-β-RII and TGF-β-RI dimers
[82,83], this complex phosphorylates R-Smads only in the presence
of the ligand,

• the rate of the ligand binding to the TGF-βRII increases with the li-
gand concentration [27],

• in the absence of the signal, R-Smads are mainly in the cytoplasm
and Smad4 is equally distributed in nucleus and cytoplasm, but
both accumulate in the nucleus upon signal stimulation [44],
• phosphorylated R-Smads are eliminated faster by phosphatases
than by degradation [84],

• Smad7-Smurf complexes are exported faster from the nucleus than
Smad7 itself and target receptor complexes for degradation [85,58],

• steady state levels of Smurf2 are sensitive to the amount of Smad7
which stimulates the autocatalytic ubiquitination and subsequent
degradation of Smurf2 [58],

• the number of total Smad4 is similar to the level of total Smad2 and
Smad3 [24,86].

The results of our computational analysis indicate that oscillations
are possible under realistic conditions in this system. They represent a
potential mechanism to encode different signals during TGF-β signal-
ing. These findings are underlined by experimental densely sampled
time series revealing a more dynamic picture than previously as-
sumed. Similar to BMP induced dynamics [22], the time-scale of the
implied dynamics is in the order of one to two hours. Doubtless,
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both the data for the AML12 cells as well as the data for the primary
mouse hepatocytes are not sufficient to finally prove the existence
of oscillations in this system. For a final prove longer time-series
would be required, but are currently limited by the available state-
of-the-art technologies.

The investigation of the behavior of the model using an open
parameter space allowed us to analyze the importance and im-
pact of the different feedback loops in the system in a general
manner. This is important since many parameters in the system
are to a large extent unknown and different cell types show a
different expression pattern of the feedback components in re-
gard of the concentration and the spatio-temporal distribution.

We observed that Smad7 and Smurf2, if present, have the stron-
gest potential to act as negative feedback regulators of the system.
The potential dual role predicted for Smad7 and SnoN in TGF-β
signaling matches with experimentally observed functions in vivo.
Increased SnoN expression in tumors, inhibits TGF-β mediated
tumor suppressive signaling (for a review see [87]), while at physi-
ological levels it was shown to antagonize TGF-β signaling by se-
questration of the Smad proteins [88]. Analyzing the established
model suggests that the potential positive role of SnoN is mainly
due to the inhibition of the transcription of Smad7 (caused by a com-
plex of Smad4 and SnoN). For Smad7 a functional role as a key regu-
lator of TGF-β mediated signal transduction is well documented.
As an agonist of TGF-β mediated signaling, Smad7 promotes initia-
tion of tumor progression, while it can also inhibit metastasis of
tumor cells (for a review see [89]). Here, the model shows a poten-
tial positive role of Smad7 as a result of the increased degradation
of Smurfs which act as negative inhibitors. Thus, in the cases of
SnoN and Smad7 it is the relative balance of several feedback loops
that renders them either negative or positive feedbacks. This could
well be cell type specific.

Sara mainly acts as a potential positive regulator in our model, de-
spite the experimental evidence that Sara is dispensable for the pho-
phorylation of the Smads (see Fig. 5 C and D). However, we do not
exclude that in other cellular systems SARA is essential for Smad
phosphorylation and will have major functions as positive regulator
of the pathway there.

The fact that several feedback loops are able to influence the
output of the system either negatively or positively is due to the
complexity of the system and opens quite a few possibilities for
the cell type dependent regulation. For example, in the case of
SnoN it seems that one important interaction is the repression of
Smad7 by the Smad4-SnoN complex. This is a positive regulation
since the Smad4-SnoN complex competes with the active Smad-
complexes for DNA binding either to repress or activate Smad7
which down-regulates the signaling by binding to the receptor
complex. Thus, if Smad7 is a dominant regulator, SnoN will likely
work as a positive regulator in this cell type. On the other hand, if
Smad7 is not dominant, SnoN will easily act as negative feedback
regulator.

Information processing in signaling is in general determined by
the length and amplitude of a signal. It can also involve oscillatory
behavior. For both phenotypes, feedback loops are crucial factors
influencing the signals. Therefore, identifying and understanding of
involved feedback loops in signaling pathways is of major impor-
tance to understand information processing in a certain system and
to guide experiments to change the signaling outcome.

It will be interesting to try and manipulate TGF-β signaling such
that e.g. oscillatory behavior exhibits large amplitudes and is easier
detectable or such that certain feedback loops are strengthened
or weakened. Thus, we would expect that shutting down the nega-
tive feedback loops will result in a more conventional on/off reply
whereas strengthening feedback loops like Smurf2 or Smad7 should
increase the nonlinearity of the dynamics. This will enable us to
validate the introduced model further.
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