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Modular architecture of signaling networks

MAPK - Mitogen Activated Protein Kinase

• signal is propagated by sequential phosphorylation and activations
of the sequential kinases (MAP3K, MAPKK, and MAPK).

• Responsible for cellular processes including growth, proliferation,
stress response,and apoptosis.

[Source: Plotnikov et al., Biochimica et Biophysica Acta, 1813(9), 2011]

D. Paul - Stochastic sequestration dynamics in signaling network motifs 2 / 29



Modular architecture of signaling networks
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Does modularity bring any advantage?
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• Modeling approach: deterministic

• Findings:

1 Cascades are less sensitive to the input variation

2 Cascading prolongs the duration of signal propagation and
hence acts as a low-pass filter
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Any disadvantage (of modularity)?
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Retroactivity - bi-directional flow of signal

modules and retroactivity symbolic representation

downstream module influencing the upstream module through:

• degradation

• covalent modification

• simple sequestration by binding

[Adapted from: Pantoja-Hernández, L. and Martónez-Garćıa, J.C., Front. in bioeng. & biotech., 3, 2015]
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How modularity contributes to the robustness in a
stochastic environment?
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[under review]
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Outline

1 Models of phosphorylation-dephosphorylation (PD)

2 Coefficient of output variation and sequestration dynamics

3 Real biological example

4 Conclusion
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Comparison between two models

• Reactions are modeled according to the two-step enzyme
kinetics:

S + E
kon

�
koff

ES
kcat−−→ P + E

• Subsequent results correspeond to an ensemble average of
1000 SSA realizations.
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Parameters

Initial number of molecules Xinit Yinit EX
pho EY

pho

100 100 20 20
Stochastic rate constants kX

on kX
off kX

cat

0.01 0.02 0.08
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Coefficient of output variation in model B
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• BkY=kX : Corresponding rates of the X and the Y protein
modules are same.

• Coefficient of output variation (cssv ) decreases for cascade.

• The reduction in the CV could either be caused by differences
in Ekin and E[ppX], or by the fact that ppX is a
time-dependent variable.
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Constant input to the Y protein module

15 21 25
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• The stochastic dynamics in ppX is responsible for the
reduction in the CV of model B.

• What if we increase the sequestration of ppX?
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Increased sequestration

• Reducing the unbinding (koff) and the catalytic (kcat) rates for
the Y module (100 times to that of X).

• Accumulating ppX-Y and ppX-pY complexes.

• Increased sequestration of ppX further reduces the CV.
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How X and Y talk to each other?
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Static correlation
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• X molecules senses the
need of the Y molecules
via sequestration and
adapts the state of the Y
system

But Y T is a conserved quantity!
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Dynamic correlation

0.4 0.405 0.41 0.415 0.42
0

20

40

60

80

10

20

30

40

0.4 0.42 0.44 0.46 0.48 0.5 0.52 0.54 0.56 0.58 0.6
0

20

40

60

80

10

20

30

40

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
0

0.05

0.1

0.15

0.2

• Correlations are
significantly different
from zero

• Negative correlation due
to time delay for
comparable time scales.

• Slower dynamics of the Y
module leads to positive
correlation as X module
has enough time to
follow the changes
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Dynamic correlation when YT is small
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smaller.
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Does this phenomenon have a biological context?
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Dynamic correlation in biological context

50 60 70 80 90
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0
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Initial number of molecules Xinit Yinit EX
pho EY

pho

757 567 32 32
Stochastic rate constants kX

on kX
off kY

on kY
off

phosphorylation 0.0016 0.01 0.0021 0.01
dephosphorylation 0.0141 0.01 0.0141 0.01

[Parameters are taken (& calculated) from: Dhananjaneyulu V et al., PloS One, 7(5), 2012]
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Dynamic correlation in biological context
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• Negative or positive correlation can not explain the increase of
CV at kinase molecule 50.
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Operating regimes of the models

N
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• The reduction depends not only on correlations but also in
which operating regime the network is.
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Conclusion

• Summary:
• We compared a double PD cycle model (model A) and a

cascade of two of such models (model B) with respect to
stochastic variations in the activity of the downstream protein.

• We revealed an ambivalent role of stochastic sequestration
dynamics.

• The effect of stochastic sequestration results into correlation
between sample paths.

• Depending upon the operating regime, dynamic sequestration
can also have the opposite effect, namely enhancing the
output variability.

• Outlook
• Effect of multisite phosphorylation and different enzyme

kinectics on dynamic sequestration
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[Ongoing collaboration with Gunawardena lab at the Harvard Medical School]
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Rule-based modeling approach
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[Danos V, et al. Methods Syst. Biol. 2008]
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