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Generalized time-frequency analysis of
dynamical biomolecular systems
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Motivation and goal

1. Living systems are highly responsive to the environment and at the same
time sufficiently stable to reliably execute a physiological program. These
competing requirements establish a fundamental trade-off in biological
systems between their responsiveness and noise suppression.



Motivation and goal

1. Trade-off between responsiveness and noise suppression in biomolecular
system responses to environmental cues.

2. Quantitative description of nonlinear biomolecular network responses to
transient stimuli, in the context of varying topologies and kinetic properties
of combinatorial and synergistic regulatory interactions, typified by biological
networks, remains a significant challenge.



1.

Motivation and goal

Trade-off between responsiveness and noise suppression in biomolecular
system responses to environmental cues.

Quantitative description of nonlinear biomolecular network ... remains a
significant challenge.

To explore how different network topologies enable different system
properties we need to develop a generalized system-level approach for
investigating the dynamics of nonlinear biomolecular networks.



Motivation and goal

Trade-off between responsiveness and noise suppression in biomolecular
system responses to environmental cues.

Quantitative description of nonlinear biomolecular network ... remains a
significant challenge.

... to develop a generalized system-level approach for investigating the
dynamics of nonlinear biomolecular networks.

This approach should entail systematically comparing time-frequency
characteristics of inputs (stimuli) and outputs (responses) while varying
system parameters. This methodology should allow for the exploration and
guantitative comparisons of system-level behaviors relative to these
parameters.



Living cells and information processing systems
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Living cells and information processing systems
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Respond or not respond
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signals (filter noise)
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Optimal response in the presence of noise

preserve details

reduce noise

An optimal system must extract the information from a signal in the presence of
noise in order to make the most reliable estimate of some quantity of interest.



Optimal response in the presence of noise
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The cell must estimate the state of the extracellular environment from noisy input
stimuli. E. coli estimate the time derivative of a signal along which they chemotax.



What are the principles of cellular decision making?
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biological roles of subsystems, evolutionarily conserved network topology and kinetic parameters



Linear vs. nonlinear systems

—> Linear system
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Generalized time-frequency analysis of molecular system dynamics

Vary model parameters or topology
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Time-frequency analysis: illustration

Single-Sided Amplitude Spectrum of y(t)
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Time-frequency analysis: illustration

Single-Sided Amplitude Spectrum of y(t)
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TFA analysis of yeast metabolic responses to environmental change

Oleate-responsive system
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Interlinked positive and negative FBLs

Cells depend on each network to respond to carbon source shifts, yet each
network is comprised of fundamentally different architectures.
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Frequency (Hz)

Time-frequency analysis of OLE and GAL model responses to a particular noisy stimulus
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Time-frequency analysis of OLE and GAL model responses to a particular noisy stimulus:

Sum of the spectrogram coefficients
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Total variation of the spectrogram coefficients

Time-frequency analysis of OLE and GAL model responses to a particular noisy stimulus:
responsiveness
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TFA characteristics of GAL vs. OLE networks, WT
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These results are based on the TFA of 3000 random noisy stimuli and corresponding network responses



Biological roles of the networks

o Extracellular fatty acids
© o0 0 ©

0\0 o Overlapping coherent FFLs

g’%‘o
" &/ARGET

OAF3

Plasma membrane

© Intracellular fatty acids

Cytoplasm

Peroxisome biogenesis

Nuclear fractiony

of fatty acids O
ZaSt = Ollo | 2allp B-oxidation

of fatty acids
Sequestration
of peroxides
1 g
&=p . O
Oaflpa/Pip2p Target genes (»)
3 (e.g. CTAI) proteins
y
Oaf3p Nucleus
L .
GAL4
GFP f\ﬁv ‘I vy 1
GAL1:GFP .|- GAL80
. :_] Yy
Metabolic GAL3
flux
|
4--------l-ﬁ W “w rllllllll*
GAL1,7,10 GAL2

Galactose

o I

OLE system

* shift from glucose to fatty-acid;

* build and maintain new organelles;

* switch from fermentative to non-fermentative metabolism;
* mitochondrial respiration;

* coordination of responses to the stress associated with

exposure to fatty acids

GAL system

* switch from glucose to galactose;
* requires relatively few enzymes and transporters to

convert galactose into glucose-1P for glycolysis



TFA characteristics of GAL vs. OLE networks, adriAoaf3A

0.08 0.04
Q 07 F — GAL model, WT U 0.035 | E
o 00 ' S ole> target FFL*~ + FBL*
g 0.06 | —— OLE model, WT g 0.03 L
35 [ ]
3 oos | OLE model, adriAoaf3A 3 0025
o o oleZ> target m_*ﬁ + FBL*
% 004 | 4% 0.02
> ="
2 003 2 0015
(] Q + —
ot | 3. gal- target FBL
= 0.02 = 0.01
L 001 | (L 0.005
0 = 0 =
0.6 0.8 1 1.2 1.4 1.6 1.8 2 0.4 1.4 2.4 3.4 4.4 5.4 6.4 7.4 8.4
Noise suppression, & Responsiveness, p
7 . . 7 . . 7 S . :
GAL model, WT OLE model, WT OLE model,
o &r 6 adriAoaf3A
a a a
w 5 v 5¢ w 5
[%) (%] [%)
(] (O] (]
o 4l o 4k S al
2 4 2 2
= = =
o 3 o 3r o 3r
o o o
[%] (%] [%]
[J] [J] [J]
o 2 o 2 o 2
1r 1F 1r -
© e,
0 r r r r 0 r r r r 0 r r r r
0.5 1 1.5 2 0.5 1 15 2 0.5 1 1.5 2
Noise suppression, & Noise suppression, & Noise suppression, &

Feed-forward loops provide for the OLE system the better ability to filter high-frequency fluctuations of the stimulus
whereas feedback loops of the GAL network allow the system to be more responsive to the environmental changes.

These results are based on the TFA of 3000 random noisy stimuli and corresponding network responses



TFA characteristics of GAL vs. OLE networks, WT and mutants
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TFA characteristics of GAL vs. OLE networks, WT and mutants

Responsiveness, p Responsiveness, p

Responsiveness, p

o

N

N

[«2)

N

N

[«2)

N

N

GAL model, WT

OLE model, no positive feedback + adr1lA

*  Block
- *  Sinusoidal |]
Saw
.
0.5 1 1.5 2
0.5 2

T

T

%

g
!

T

T

15
Noise suppression,&

OLE model, WT

LPS model, WT

0.5

0 I

T

1 15
Noise suppression,&

Noise suppression,&

Ratushny et al., 2011




TFA characteristics of GAL vs. OLE networks, WT and mutants
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TFA characteristics of GAL vs. OLE networks, WT and mutants
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Noise suppression vs. responsiveness

Oleate-responsive network
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Noise suppression vs. responsiveness

Noise suppression, &, Random "block" stimuli Responsiveness, p, Random "block" stimuli

Responsiveness, p, Random "saw" stimuli

Strength of the positive FFL relative to WT, log,, scale

0.5F
0r —|'— 1 2.5
0.5F 1

ak |
15 1

ok |
2.5 1

3k . . e
-2 -1 0 1 -2 -1 0 1

Strength of the negative FFL relative to WT, log,, scale




Strength of the positive FBL relative to WT, log,, scale

Noise suppression vs. responsiveness
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Physiological vs. non-physiological responses

Non-physiological
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Other trade-offs: the amplitude of network responses
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Network topology vs. kinetic parameters

Oleate-induced regulatory network LPS/TLR4-induced regulatory network
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What is the extent to which overall network architecture (versus kinetic parameters)
defines the dynamical properties of a system?



LPS/TLR4-induced transcriptional network
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Litvak et al., 2009

The network must be tightly regulated to respond vigorously to the presence of a pathogen,
but at the same time must remain in check to avoid uncontrolled inflammatory responses.



TFA analysis of the LPS/TLR4-induced transcriptional network
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Conclusions

While experimental tools of systems biology allow us to discern molecular network structures, it is
evident that the parameters governing the interactions within the system are essential for
understanding its dynamics.

One has only partial knowledge of the parameter values in the system, with many parameters being
either entirely undetermined or known only imprecisely.

The generalized TFA framework is particularly useful in such scenarios as it can reveal various aspects
of dynamical system behavior such as noise suppression, responsiveness, and their trade-offs,
relative to the parameter space of the system.

Other dynamical properties of a network can be investigated in the same manner by extracting
appropriate features from the time-frequency representations or other metrics for features such as
noise suppression and responsiveness can readily be incorporated and compared in the TFA
framework.

The generalized TFA framework is not constrained by the STFT; wavelets or other multiresolution or
multiscale analysis approaches can also be used for time-frequency representations.

The noise suppression and responsiveness portraits of OLE, GAL and the LPS-induced networks reveal
radically different behaviors and biological roles for these circuits.

Such portraits can also suggest new avenues for experimental research in synthetic biology aimed at
modulating the biochemical properties of the interactions to affect systems-level trade-offs, while
maintaining physiologically viable responses.
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