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«Newton’s Law» for living systems

Activator

]

Gene mRNA

Repressor

Protein

Transcriptional regulation:
Activator -increasesreaction rate

Repressor - decreases reaction rate



Dynamics

Gene expression is never stationary:
e Externalsignals

e Extrinsic noise

* |ntrinsic noise

* Oscillations (circadian and ultradian clocks, cell cycle, etc.)
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Gene regulation networks
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- «read» all genes (genomics)
- determine gene and protein interactions (network reconstruction)
- network dynamics (complex systems)
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* Do gene networks solve computational
tasks?

« Can one construct gene networks for
computing?
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Yes, in the sense of information processing
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Can one construct gene networks for
computing?

Task: trigger cell death when a certain gene* expression profile* is found in a cell

*Suppose that gene products are negative regulators
*A profile is a combination of highly expressed and unexpressed genes
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Mathematical models of gene regulation
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Transcriptional regulation and dynamics oo

* Let TF be active only as a
dimer.

* Let P be a concentration of a
monomer TF, P2 —
concentration of a dimer,

O, — concentration of unbound
operator sites ,

O, — of bound sites.

* Then for equilibrium DNA and
TF concentrations one gets:

(a) transcriptional activators

gene >)@
—
gene is active in the
presence of TF O gene i O
1
(b) transcriptional repressors
gene —> O
—
gene is active in the
absence of TF
e
1




Transcriptional regulation and dynamics 0o0

In the equilibrium state

de2 = k_dpz.}
kboupz = k_bOb.

Since DNA concentrationis constant, Ou -+ Ob =N
Therefore
N B Hill equations
0, = >, —
1+ (P/K) / Hill constant

where K = \/k—bk—d/kbkd Hill coefficient (not necessarily =2, not
even a round number, e.g. in case of
— N(P/K) simultaneousbindingto several operons)
Op
1+ (P/K)

And similarly



Transcriptional regulation and dynamics 0oo

If gene promoter ‘works’ with rate 0(;,  when unbounded by TF, and with rate &, ,
when bound, then the net kinetic coefficient of gene expression reads

N N(P/K)?
anfr(P) — C(uou + c(bob = Oy > + Op ( / ) 7
1+ (P/K) 1+ (P/K)

Already a sense of a basic
threshold (yes/no) detector!

[Product]
[Product]

> >
[Transcriptional repressor] [Transcriptional activator]



Transcriptional regulation and dynamics

Taking into account protein degradation, we arrive at the differential
equation for dynamics of protein concentration

N oy N(P/K)*
1+ @P/K)2 " 1+ (P/K)?

— Tdeg(X)

Note:

In fact, the number of moleculesis discrete and molecular events are discrete
too. Hence ODE gives an approximate description only. A more precise
description would employ random processes with probabilities proportional to
kinetic coefficients. When the number of molecules is small or production
events are rare, that model is much more adequate.



Example 1

* Let TF be activeonly as a
tetramer.

* Let P be a concentration of a
monomer TF, P2 —
concentration of a dimer,

O, — concentration of unbound
operator sites,

O, — of bound sites.

* Then for equilibrium DNA and
TF concentrations one gets:

k
P+P+P +P;:‘-dliﬁ
<_d
kb
O, +P, = Oy,
k—b
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Find equation for the protein dynamics

In equilibrium

kdp4 = k_dp :
kbOuP4 — k_bOb.

O,+0,=N

B PaBHOBECHOM COCTOAHUM EVAeT BbINMNOJSIHATLCA

2
Th kdp = k,dpz,
kbOuPz = k,bOb.
Pa3 cymmapHaa koHueHTpayma AIHK nocTtoAHHa,
. OTtctona
X 1 N

Ou = 1+ (P/K)*’
me K = /k_pk_q/kpkq
~ N(P/K)?
1+ (P/K)?

M aHaN0MMYyHo b

0,+0,=N
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Transcriptional regulation and dynamics

Equations get more complicated if:

e Agene promotor consists of several operators (e.g., atandem promotor of
two operators: for a repressor TF and an activator TF)

e Ineucaryotic cells TFs must enter cell nucleus first; coming in and out may
add to dynamics

e Often TF are modulated by light active molecules — ligands. E.g. IPTG
molecules can bind to TF-repressor Lacl — sensitive promotor, and prevent
binding of the latter. TF-activator AraC binds to the sensitive promotor
only in presence of arabinose.



Detailed protein
synthesis scheme
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More detailed models

Taking into account mRNA synthesis as a separate process

o, N o, N(P/K)?
= 7 T 2
1+ (P/K)” 1+ (P/K)
X = Trgm — ry(x),

— I'm(mM),

Phenomenological time delay equation

2
. otuN - o N(P(t — T)/K)2 g (¥)
1+(P(t-17)/K)" 14+ (P(t-1)/K)




Protein degradation 000

e «Exponential» (generic mechanisms of cellular degradation)

Tdeg (X) = )X
e Enzyme (by a specific enzyme that acts on tagged proteins)

Vmaxx
Ky +X

rdeg._enz —

e Ifan enzyme degrades several proteins, the rate becomes

_ Vmax._fxf — X
K + %

rdeg._f (Xf-; T)



Synthetic biology: plugging in new genes and
constructing regulatory networks
- Novel functionality

- «well-orthogonal» signals = an opportunity to study dynamics of
networks isolated to a good degree

- Visualising gene expression by fluorecent proteins




Dynamics of gene regulation
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Nonlinear dynamics: equilibrium states

2D dynamical system
X, = f (Xl’ Xz)
X, = T(X, %;)

Equilibrium
fi (%, %) =0
fz (X17 Xz) =0
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Stability criterion
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Nonlinear dynamics: oscillations
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Self-repressor: more complex dynamics?

 mRNA dynamics:

— '1 —_
1+ (x/K)"
X=pm-—yx,,

m

om.

« Still an equilibrium, though with oscillatory approach (stable focus)

(a) 18

concentratio

161

(b) , |

repressor

18+ 1
16+
~—~ 14}

0 02z 04

X (repressor)



. . 0000
Self-repressor with time-delay: 33
self-sustained oscillations! oo

 Mathematical model and biological experiment
(Striker et al., Nature, 2008)

* Biological clocks
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X,

Genetic toggle-switch

Inducer 2

L . Iy
ri=_——"-—1=I
Promoter 1 J_ 2
Repressor 2 Iromo o I Repressor 1 Reporter 1 + 1172
'|' Promoter 2 T K 2 T
2 = 37 . ni1  +2
1 4z

Inducer 1

(Gardner, Kantor & Collins, Nature, 2000)
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Collective dynamics
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Towards distributed circuits

Single cell limitations:

] Systems Biology * Number of exogeneous constructs

(robustness of circuit, cell viability)

A

 Complexity of circuit

* Useful functionality, regulated by the
circuit (e.g. oscillatory)

scale

....... = P Solution:

e Distributed circuits and
intercellular communication

Synthetic Biology
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Intercellular communication

Quorum-sensing mechanisms:

HSL (homoserine-lacton) family ligands

«Transmitter» cell

/ «Receiver» cell

ﬁ -

Luxl

-

: <HSL (LuxR (

Transcription factor
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Intercellular communcation:
synchronization of genetic clocks

Main Channel

GFP (AU}
o B8y s
(=}

Danino et al., Nature, 2010
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Logic circuits
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Example 3. Logic circuits
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MOH gate
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Tamsir, Tabor & Voigt, Nature, 2011
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Distributed logic circuits :

a Inputs _ XOR b
6 Ara aTc Output
BAD
Ara Rhll 0 0 0
o 1 1
Ples )NDR 1 0 1
1 1 0
- -
P Cell 2
) ok Pen .
Pre ) SVEE:
\_ r
Cell 1 Plas . Coll 4 ——Cell1 ——Cell 3
aTc Pret )NOR —_—Cell2 — Cell 4
o
Cell 3

Tamsir, Tabor & Voigt, Nature, 2011
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Next generation gene
computing: learning

Distributed genetic classifier

http://arxiv.org/abs/1405.5328

Andriy Didovyk,” Oleg |. Kanakov,® Mikhail V. lvanchenko,¥ Jeff Hasty, %l

Ramén Huerta,*T and Lev Tsimring*!

BioCircuits Institute, University of California San Diego, La Jolla CA, USA, Department
of Radiophysics, Lobachevsky State University of Nizhniy Novgorod, Nizhniy Novgorod,
Russia, Department for Bioinformatics, Lobachevsky State University of Nizhniy Novgorod,
Nizhniy Novgorod, Russia, Department of Bioengineering, University of California San
Diego, La Jolla CA, USA, and Molecular Biology Section, Division of Biological Science,

University of California San Diego, La Jolla CA, USA 37



Machine learning: classical ideas

Perceptron- one layer feedforward neural network

X1

N

-

Wil

x2

a
\.\o
‘\‘\\ L]
° \“'\,

= x1

1. Initialise weights and threshold. Note that weights may be initialised by setting each weight
node w;(0) to 0 or to a small random value. In the example below, we choose the former.

2. For each sample j in our training set [), perform the following steps over the input X; and

desired output d;:

2a. Calculate the actual output:

yi(t) = flw(t) -x;] = flwo(t) + wi(t)zjs + wo(t)zjo + - - + wa(t) ;0]
2b. Adapt weights:

wi(t + 1) = wi(t) + a(d; — y;(t))x;: forallnodes () < i < n.

Step 2 is repeated until the iteration error d; — y;(1) is less than a user-specified error

23/11/15
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Molecular perceptron?

23/11/15

Vol 88, op. 1698310087 December 1991 Perceptron inside the cell??

Chemistry

Chemical implementation of neural networks and Turing machines

ALLEn HieLmreLT!, Epwarp D, WeinperGERT, AND Joun Rosst

"Mnz-Planck-lastins for Biophysikakische Chemee, D-3400 Gartingen, Federal Repablic of Germany: and *Department of Chemistry, Stanford University,
Stanford, CA S4305

ar2 Biophysical Journal Volume 66 April 1984 872-977

Computer Simulated Evolution of a Network of Cell-Signaling Molecules

Dennis Bray* and Steven Lay’

' " of Zoology and "Department of Applied Mathematics and Theoretical Physics, University of Cambridge,
Cambridge, Unitad Kingdom

Journal of Theoretical Beology 249 (1K7) S5—&6 —]

wuw. gl

Associative learning in biochemical networks

Nikhil Gandhi®, Gonen Ashkenasy™", Emmanuel Tannenbaum™*

“Coallpge of Compting, Georgie Mefitare of Technalogy, Atlanta, G 30732 U'SA
"Ih',rur.uumn' aff Chemisfry, Sen-Gurion Umiversity of ihe Neger, Be'or-Sheva 54105, Traed
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Molecular classifier?

W eak points: - ~ 2 |
e Actual constructs
 Memory

|><|><|><|>< ><|><|><
RO (=0 (W0 NNy (W0 W] (0

» Our solution: population classifier
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Single-input classifier
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Single cell synthetic circuit

External Intermediate [GFP] [GFP]
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Ensemble of cells — ‘pixel’ classifier

m,/(u, A): 2 24 28
— P2 DE o D0
0.25}
0.20{
0.15}
. .
N

0.10f

0.05}

Figure 2: Steady state GFP concentration (z*) as a function of the concentration of the
external chemical signal X for the modular classifier circuit shown for a range of m,
values representing a range of the relative strengths of the sensor promoter (Fig. . Non-
dimensional circuit parameters are pr, = p, = my = A, =1, A, = 20, p, = p, = 2,

a = 10"9,
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Training by examples through cell

elemination
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Unimodal vs. Bimodal classes

w

—
o o C
T | T | T | T | T | T

I !
2 -15 -1 -05 0 0.5
log, ,(input concentration)

D E F
L | | | [ T | | T T 0.18 -
. - b ; S ; i = Negative class
= gl Starttingm distribution mees | = .| Final m distribution s ] 2 016 Feifive class —
E E § 0.14 GFP fluorescence
B 06 — = o 312 -
:.E’ 04 . :? S o.08
(=% (=% = 0.06
02 - o 0.04
0 ]
0 1 2 3 4 5 6 2 3 4 - -2 -1 0 1 2
G leg, (m ) H log, (m ) I log, (input concentration)
_ 100 T T T @ 200 o8 E:m
£ 90 IO e 5 07 6 0.1
80 M 4 w10 06== @10 0.08
< g 0sE @
B 70~ — = 100 04 2 <100 0.06
E o Sl =] o i
a 60 ' — = 50 032 = 50 ik 0.04
| = = 3
Tosoll . e g-f - 0.02
[ . -
40 L I I L 0 = U TR = e i e o
50 100 150 200 -3 =2 -1 0 1 2
Training iterations log, (input concentration)
23/11/15

GFF fluorescence

45



11111111

Two- (multiple) input classifier




Two- (multiple) input classifier .

A B Extemal Intermediate
X 5|g nal repressar/activator 1
X, _,.
[GFP] yL
. Sen sorl Signal tra nsducer I
i External Intermediate
5|g nal 2 repmﬁﬁorfactwator 2
] ¢ ,L Reporter
& = -
[X,] Sen50r2 SlgnaltranﬁducerE

Figure 8 (A) The desired bell-shaped response of the multidimensional classification
circuit. (B) The genetic circuit proposed for use in a distributed genetic classifier with
multiple inputs per cell. Independent sensing and response functionalities are combined
using an appropriate biological AND gate. The resulting response function of the entire

two-promoter circuit is bell-shaped with respect to the inputs X; and X, for the relevant
choice of parameters.
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Results

 Linearly non-separable « Overlapping classes
classes
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Conclusions

* Synthetic gene regulatory network —a powerful approach in biocomputing
e Equations of molecular kinetics

* Already minimal gene circuits display stationary states, oscillations,
bistability

* Distributed regulation networks through quorum sensing communications
e Logical circuits

* Learning. Distributed synthetic gene classifier.
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