
School of Computer Science and Engineering

Session: Young researchers in 
molecular communications 
• 11:00 – 11:20 Chun Tung Chou – Paradigms and interfaces of 

molecular communications
• 11:20 – 11:40 Gianluca Reali – Education and Training Opportunities in 

Molecular Communications
• 11:40 – 12:00 Eduard Alarcon – The state of the art in Molecular 

Communications: art or science? Squaring the Circle
• 12:00 – 12:30 Open Floor Discussion



Never Stand Still Faculty of Engineering Computer Science and Engineering

Click to edit Present’s Name

Never Stand Still Faculty of Engineering Computer Science and Engineering

Paradigms and Interfaces of 
Molecular communications

Session: Young researchers in molecular communications 

Chun Tung Chou
11 April 2016



School of Computer Science and Engineering

What will you get from this talk? 
• Some suggestions for young researchers

– General
– Specific to molecular communication

• My own journey into the world of molecular communication

• Paradigms and interfaces of molecular communication 
– Paradigms: Aware of different ways of thinking
– Interfaces: Get inspiration and techniques

• Disclaimer: Informal, not aiming to be comprehensive and systematic. 
Topics on molecular communication has a personal bias.
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Choice of research problems

• A talk by Richard Hamming entitled “You and your research” 

To illustrate, consider my experience at BTL. For the first few years I ate 
lunch with the mathematicians. … shifted to eating with the physics 
table. I shifted to the chemistry table … 
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Choice of research problems

• A talk by Richard Hamming entitled “You and your research” 

To illustrate, consider my experience at BTL. For the first few years I ate 
lunch with the mathematicians. … shifted to eating with the physics 
table. I shifted to the chemistry table … 

At first I asked what were the important problems in chemistry, then what 
important problems they were working on, or problems that might lead to 
important results. One day I asked, "if what they were working on was 
not important, and was not likely to lead to important things, then why 
were they working on them?” After that I had to eat with the engineers!

What are the important problems in molecular communications? 
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Attackable research problems

• A talk by Richard Hamming entitled “You and your research” 

Note that importance of the results of a solution does not make the 
problem important. In all the 30 years I spent at Bell Telephone 
Laboratories (before it was broken up) no one to my knowledge worked 
on time travel, teleportation, or anti-gravity. Why? Because they had no 
attack on the problem. Thus an important aspect of any problem is that 
you have a good attack, a good starting place, some reasonable idea of 
how to begin.

What are the attackable important problems in molecular communications? 
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Need to work on entire areas 

• Acceptance speech of Mathukumalli Vidyasagar on receiving the 
IEEE Control Systems Award 

My third point is: If you aspire to success, you must work on entire areas, 
not just individual research problems.  I got this advice from … and it 
really changed the way I do research. Until then I was like a gun-slinger, 
working on whatever problems caught my fancy, with no particular theme 
or coherence to my work.  

What do you see as the theme for your research in molecular 
communications? 
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How to get into a new field 

• Acceptance speech of Mathukumalli Vidyasagar on receiving the 
IEEE Control Systems Award 

My fourth point is: Don’t be afraid to change research areas often.  
Changing areas requires a lot of courage, because you get pushed out of 
your comfort zone.  But it has its own rewards.  A related point is: When 
you do move into a new area, work out everything for yourself from 
scratch, and don’t always believe everything you read.  This is the reason 
why I like to write a lot of books.  It’s only when you start writing a book 
that you realize just how poorly you understand the subject.  Writing a 
book forces you to develop a holistic view of the subject.  The benefit is 
that if you do even a halfway decent job of explaining a particular subject, 
then pretty soon everyone begins to look at things your way.
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How did I get into molecular communication? 
• A messy path 

• I am interested in the biological side so I needed some biology
– I started reading some molecular communication papers, and talked to whoever 

wouldn’t think my knowledge on biology was embarrassing 

• First attempt: 
– James Watson et al. ”Molecular biology of the Gene” 
– Bruce Alberts et al. “Molecular biology of the Cell”

• Worst than Tolstoy and Dostoevyski
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How did I get into molecular communication? 
• Don’t be afraid to start from the very basic:

– “Molecular and Cell Biology for Dummies” 

• Picked a number of well cited papers
– Forward and backward learning the basic, models, methods etc. 

• Picked a problem to start with. Finished it and saw the gap which became the 
next problem
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Information transmission in embryo 
J. Phys.: Condens. Matter 23 (2011) 153102 Topical Review

Figure 10. Drosophila melanogaster embryo at cell cycle 14. Nuclei
stained in blue (see inset), bicoid stained in green and hunchback
stained in red, data reproduced from [48]. At this stage, about 6000
nuclei are present in the embryo, of which about a quarter are visible
under a single microscope view. Each nucleus provides a joint
quantitative read out proportional to bicoid and hunchback
intensities; the data is shown in scatterplot below. Usually hunchback
was understood as having a single precise boundary that separates
the domain of high expression (‘on’) from the domain of low
expression (‘off’). We use information theory to make this statement
precise and to find out if the bicoid/hunchback regulatory element
really can be understood just as a binary switch.

of genes that will lead these nuclei to become precursors of
different tissues. Stainings for relevant transcription factors
have shown a remarkable degree of precision with which
the spatial domain boundaries are drawn in each single
embryo, and a stunning reproducibility in positioning of
these domains between embryos. Although probably a slight
overgeneralization, we can say that at the end of cell cycle 14,
along the AP axis, each row of nuclei reliably and reproducibly
expresses a gene expression pattern that is characteristic of that
row only—in other words, the nuclei have unique identities
encoded by expression levels of developmental TFs along the
long axis of the embryo.

The spatial gradients form a chemical coordinate system:
it is thought that each nucleus can read off the local
concentration of bicoid (and other morphogens), and based
on these inputs, drive the expression of the second layer of
developmental genes (the gap genes, which we denote by gi );
these in turn lead to ever more refined spatial patterns of gene
expression that ultimately generate the cell fate specification
precise to a single-nuclear row. For a recent review of the gap
gene network, please see [20].

We can make a simple ‘back-of-the-envelope’ calculation:
if there are 100 distinguishable states of gene expression along

the AP axis responsible for 100 distinct rows of nuclei, some
mechanism must have delivered I ≈ log2(100) ≈ 7 bits
of information to the nuclei. That is the minimum amount
of information needed to make a decision about the cell fate
along the AP axis. Intuitively, this number is the same as the
minimum number of successive binary (‘yes or no’) questions
needed to uniquely identify one item out of 100: the best
strategy is to ask such that each question halves the number
of options remaining. Each answer to the question would thus
convey 1 bit of information, and reduce the initial uncertainty
of 7 bits by 1 bit. Similar patterning mechanisms also act along
the other axes of the embryo, and if each of the 6000 nuclei
at cell cycle 14 were uniquely determined, these mechanisms
together would have to deliver about 13 bits of information.

Let us start by considering the regulation of Hunchback
by bicoid. By simultaneously observing the concentrations of
bicoid (c) and hunchback (g) across the nuclei of an embryo,
one can sample the joint distribution P(c, g), see figure 10.
Usually it was assumed that hunchback provides a sharp, step-
like response to its input, bicoid; mathematically, this would
mean that the bcd/hb input/output relation is switch-like, with
an ‘on’ and an ‘off’ state, yielding information transmission
capacities of about 1 bit. However, is this really the case?

Using the methods from section 3.2 combined with the
direct experimental measurements of probability distributions
of Gregor et al [48], one can find how much information
bicoid c and hunchback g carry about each other. The
result is Iexpt(c; g) = 1.5 ± 0.1 bits, where the error bar
is computed across nine embryos. This is an experimentally
determined quantity, and the errors (apart from the estimation
bias [59]) are related mostly to our ability to fairly sample
the distribution P(c, g) across the ensemble of nuclei. Our
sampling is not complete because a single microscope view
only records about a quarter of all nuclei, but we believe
that sampling is not very biased. Another point to have in
mind is that the computation of I (c; g) reflects all statistical
dependency in the probabilistic relation c → g: both the
direct regulation, as well as any possible indirect regulation
through an unknown intermediary x , e.g. c → x → g. Thus,
for example, if bicoid activates hunchback which self-activates
itself, our information estimation has taken this into account.
If, however, g is also regulated by an input y independent of
c, that is {c, y} → g, and our experiment does not record
y, then we might be assigning some variability (or noise) to
g, although that noise really would be a systematic regulatory
effect caused by y. In this last case, we would measure a
smaller value of I (c; g) and would underestimate the real
precision in the system; the true value would only be revealed
upon recording the unobserved regulator y and computing
I ({c, y}; g). This might be the case for bicoid regulating
Hunchback, since we know that (i) some hunchback is also
maternally deposited (not all hunchback is made under control
of bicoid); (ii) nanos, another maternally supplied mRNA,
establishes a separate protein gradient extending inwards from
the posterior, and inhibits the translation of Hunchback; (iii)
there might be weaker influences from other morphogens and
terminal patterning factors.

Having these caveats in mind, our first finding is that
the information transmission of 1.5 bits between bicoid and

18

Mutual information 
between Bcd and Hb
= 1.5 ± 0. 1 bits
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Amplitude modulation – Nature’s way 
• Yeast cells respond to different concentration levels of pheromone

– Low concentration: Grow and divide normally
– Medium concentration: Chemotropic growth
– High concentration: Mating response

but also speculate about open questions that would be useful
to address in the future. For sake of clarity, proteins will as
much as possible be described by their generic function.
Their organism-specific names are listed in table 1. Finally,
we will look at the implications that the study of yeast
mating could have for the understanding of analogous
fundamental biological processes in higher eukaryotes.

3. Mating signalling and polarization
At first glance the overall process of mating appears quite
similar in the two yeast models. Indeed, in both cases peptide
pheromones are recognized by G-protein coupled receptors
expressed on the cell surface. The receptors have a conserved
structure with seven transmembrane domains, a cytoplasmic
C-terminal tail mediating desensitization and pheromone-
induced internalization, and an intracellular loop involved
in G-protein binding. Moreover, in both cases the signal is
transmitted by MAPKs to a transcription factor that activates
the expression of mating-specific genes. However, a more
detailed analysis reveals many differences between the two
species, which is perhaps not surprising given their long
evolutionary distance.

3.1. Activation of mating signalling in
Saccharomyces cerevisiae

The mating process has been extensively studied in S. cerevisae
over the last 30 years. At the physiological level, budding
yeast cells mate spontaneously on rich medium when in
the presence of cells of the opposite mating type, forming
stable diploids, which sporulate upon starvation (figure 1b).
Pheromones (called a- and alpha-factor) are captured by the
receptors Ste3 and Ste2 (for a- and alpha-factor, respectively),
which activate the same Gabg heterotrimeric G-protein.
Pheromone binding stimulates GDP to GTP exchange on
the Ga subunit (Gpa1), which allows the released Gbg (Ste4
and Ste18) heterodimer to activate mating signalling [3]
(figure 2a). In particular, Gb directly interacts with key
effectors: in the presence of pheromones, Gb binds to the
p21-activated kinase (PAK)-like kinase Ste20 [4], the MAPK

scaffold protein Ste5 [5], the Cdc42-guanine-nucleotide
exchange factor (GEF) Cdc24 [6–8] and the scaffold protein
Far1 [9] (figure 2a).

The central hub for mating signalling is Ste5. This scaffold
protein serves to link the Gb with the PAK kinase Ste20
and the MAPK module, and has an essential role in promot-
ing MAPK cascade activation [10,11]. The PAK kinase is the
upstream component of the MAPK cascade, and activates
the downstream kinases Ste11 (MAPKKK), Ste7 (MAPKK)
and Fus3 or Kss1 (MAPK) [12] (figure 2a). After pheromone
stimulus, the Ste5 scaffold is rapidly translocated to the
plasma membrane by Gbg [13,14], where it initiates and
amplifies mating signalling [15]. Ste5 membrane binding
additionally depends on two membrane-binding regions,
an N-terminal amphipathic helix and a PH domain [16,17].
Ste5 also binds the Cdc42 GEF Cdc24, which may contribute
to its re-localization to the cell cortex [7]. At the cortex, Ste5
simultaneously binds all the components of the MAPK
module through distinct domains [18] and acts as a cofactor
by increasing the low MAPKK Ste7 intrinsic phosphorylation
activity on MAPK Fus3 [19]. Membrane binding also relieves
an auto-inhibitory interaction in Ste5 to promote Fus3
activation [20]. Finally, Ste5, by binding to the phosphatase
Ptc1, also promotes a switch-like activation of Fus3 [21].
Once activated, Fus3 dissociates from Ste5 and serves to acti-
vate the transcription factor Ste12 [22,23]. Active Fus3
phosphorylates three additional targets: the cyclin inhibitor
Far1 [24,25] and the cyclin-dependent kinase Cdk1 (Cdc28)
[26] to promote cell cycle arrest in G1 phase [27], and the
formin Bni1 to regulate actin polarization and cell fusion [28].

3.2. Polarizing growth towards the partner cell in
Saccharomyces cerevisiae

Budding yeast cells are exquisitely able to project a shmoo
towards the source of a pheromone gradient, allowing them
to grow towards a potential mating partner. Early important
experiments showed that, in mating mixtures of MATa
cells containing the same number of pheromone-producing
and non-pheromone-producing MATa partners, MATa cells
are able to discriminate between the two categories, and
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Figure 1. Sequential steps during mating in Schizosaccharomyces pombe and Saccharomyces cerevisiae. (a) In fission yeast, the mating process is triggered by
nitrogen starvation when compatible partners are present. (b) Budding yeast cells of opposite mating type can instead mate spontaneously on rich medium
to form stable diploids that undergo sporulation upon starvation. In both organisms after pheromone exchange, cells grow in a polarized manner in the direction
of their partner and undergo fusion, karyogamy and sporulation. See text for details.
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Merlini et al. Mate and fuse: how yeast cells do it 

Cell signalling
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Information transmission in biological systems

• Transport based molecular communication often has very low bit 
rate

• Paradigm: 
– 1-bit communication / low bit rate communication versus
– High bit rate communication 
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Why is low bit rate communication important? 

• Challenges
– Low copy number (especially gene) leads to high noise 
– Noise due to variation in the number of molecules (e.g. mRNA) 
– Nonlinearity in rate of chemical reaction makes analysis difficult
– How cells use molecules and chemical reactions for computation, 

communication and control?  
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Cell signalling pathways (yeast) 

[43–45] (figure 2a). During mating, Cdc42 regulates the PAK
kinase Ste20 localization to the plasma membrane and its
activation; indeed active Cdc42 (Cdc42-GTP) binds Ste20
and stimulates its kinase activity [46]. Consistently, mutations
impairing Cdc42 activity or its GEF affect pheromone-
induced MAPK signalling in budding yeast [8,47]. Like the
PAK kinase, the Cdc42 GEF Cdc24 interacts with Gb [6,8].
However, in vivo this interaction depends on the adaptor
protein Far1 [9,48] and is required for the localized activation
of Cdc42.

Far1, a scaffold structurally similar to Ste5 [17,49,50], has
a fundamental role in determining the site of cell polariza-
tion during mating [51]. In vegetative growing cells, Far1
sequesters Cdc24 in the nucleus during mitosis, and Far1
degradation is required for Cdc24 release and recruitment
to the incipient bud site in late G1 phase [52]. Nevertheless,

during mating a Far1–Cdc24 complex can translocate from
the nucleus to the cell cortex, where it interacts with Gbg

and recruits Cdc42 and Bem1 away from the bud site, thus
providing the switch from bud growth to shmoo growth
[6,9,50,53]. The disruption of far1 does not affect the ability
of cells to shmoo per se, but impairs the displacement of
polarity factors from the site of bud emergence, thus leading
to the formation of a mislocalized shmoo at the bud site.
Consistently, mutations that prevent the formation of a
Cdc24–Far1–Gbg complex prevent the correct orientation
of shmoos towards a pheromone source [6,9,48]. In addition
to Far1, the scaffold protein Bem1 can also bind the PAK
kinase Ste20 and the MAPK scaffold Ste5 [54], to recruit com-
ponents of the MAPK pathway to the shmoo site. Through
these interactions, Bem1 potentiates the MAPK cascade, lead-
ing to a local amplification of the signal [55]. Active Cdc42
then promotes actin assembly, resulting in polarized growth.

The Cdc24–Far1–Gbg complex is not the only molecular
connection between pheromone receptors and the polariza-
tion machinery. Ga also has a positive role in promoting
chemotropism in budding yeast. Indeed, Ga directly interacts
with active (phosphorylated) Fus3 MAPK, thus promoting
its recruitment to the shmoo site [56]. Ga also promotes Fus3
recruitment in an indirect way: Ga binds the RNA-binding
protein Scp160 [57], which, upon pheromone treatment, inter-
acts with polarity and mating-specific mRNA, including
fus3 mRNA, thus ensuring its subsequent translation and
enrichment at the shmoo site [58]. This results in a gradient
of active Fus3 from the shmoo tip, which was proposed to be
important to maintain a local pool of activity [59]. Consistently,
active Fus3 at the shmoo site phosphorylates and stably loca-
lizes the formin Bni1 [28] and also phosphorylates Gb, thus
stabilizing the Far1–Gbg complex [56]. In turn, the formin
Bni1, by assembling actin cables, contributes to the polarized
recruitment of the MAPK scaffold Ste5, the Cdc42 GEF
Cdc24 and Fus3 itself for efficient Fus3 activation [60], as well
as to the delivery of vesicles that promote wandering of the
polarization patch for shmoo re-orientation [38]. In sum,
during budding yeast mating, several mechanisms cooperate
to link pheromone signalling with cell polarization, and the
molecular components required for shmoo orientation are
well defined. However, the mechanisms by which Cdc42
becomes initially asymmetrically localized in response to a
pheromone gradient remain unclear.

3.3. Physiological and molecular differences for
mating in Saccharomyces cerevisiae and
Schizosaccharomyces pombe

Despite superficial similarities between the mating processes
of S. cerevisiae and S. pombe, which we will describe below,
these organisms exhibit major differences. The first lies
in their distinct physiologies for sexual differentiation: while
S. cerevisiae mates spontaneously and forms stable diploids,
sexual differentiation in S. pombe is triggered by starvation,
and the diploid cells formed are unstable, ensuring a strict
coupling between mating and sporulation (figure 1). Second,
whereas signalling downstream of the pheromone receptors
is principally transmitted through Gbg released from Ga inhi-
bition in S. cerevisiae, it is transmitted through activated Ga in
S. pombe [61]. Finally, S. pombe cells lack homologous genes to
either Ste5 or Far1 scaffolds [49], but rely on the function of a

a/a factor(a)

(b)

Ga

Ste50

Bni1
Ste12

cell cycle arrest
and shmoo
orientationtranscription

transcription

actin
polymerization

Far1

Ste6

partner selection and shmoo
formation

Ste4
Ras1

PAK
Scd1

Scd2

C
dc42

GTP

GTP

GTP

Ste11

Bem1

Cdc24

C
dc42PAK

St
e5 MAPKKK

MAPKK
MAPK

MAPKKK
MAPKK
MAPK

Ga

Ga
? ?

?

GbGb
Gg

Gb
Gb

GaGg
Gg

Gg

Saccharomyces cerevisiae

Schizosaccharomyces pombe

P/M factor

Mam2

Ste3
Ste2

GTP

GTP

Map3
nitrogen

starvation

Figure 2. Mating signalling in budding and fission yeast. Pheromone binding
to its G-protein coupled receptor leads to Ga activation (Ga-GTP) and dis-
sociation from the Gbg heterodimer, and activation of a conserved MAPK
cascade that leads to the transcription of mating-specific genes, cell polariz-
ation in the direction of partner cells and subsequent fusion of mating pairs.
(a) In budding yeast, the signal is transmitted by the Gbg dimer, through
Gb interactions with several effectors. Notably Gb regulates the activity of
two distinct scaffold proteins to activate the conserved MAPK (through
Ste5) and Cdc42 (through Far1) modules. (b) In fission yeast, the transcription
factor Ste11 is activated upon nitrogen starvation and regulates the
expression of essential signalling genes, such as the Ras1-GEF Ste6. Ga is
responsible for signal transmission in this organism and appears to activate
the MAPK cascade (directly or indirectly) cooperatively with Ras1 and the
scaffold Ste4. Dashed arrows indicate hypothetical interactions; question
marks indicate components not yet identified ( pombe Gg) or interactions
not specifically demonstrated during mating (Ras1 – Scd1). See text for details.
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• Computing and communication 
in cells are realised via 
interactions of chemical 
molecules

• Extremely complicated 
networks of chemical reactions  
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The secret (?) behind cell signalling
• Recurrent structures / motifs / basic building blocks 

Molecular circuits 
= A set of chemical 
reactions

Uri Alon
Network motifs: theory and experimental approaches

Systems
Biology
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How can we use molecular circuits to decode? 

• Paradigm: 
– Processing using silicon based devices versus
– Processing using molecular circuits 

• Research questions: 
– How different molecular circuits impact on the performance of 

communication? 
– What are the properties of these molecular circuits? 
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Modelling paradigms

• Many different models: 
– ODE, PDE, 
– Langevin equations, chemical master equations, reaction-diffusion master 

equations, Smoluchowski equation
• Important to learn and understand different modelling paradigms
• Open problems: Moment closure and computation of master 

equations. Validity of some master equations in some situations. 

• Paradigms
– Single-scale versus multiple scale 
– Multi-scale models: temporal and scale

Mathematical Biology
Biophysics
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Connections of molecular circuits 

such a system S by the equations

dx

dt
¼ fðx; u; sÞ

y ¼ Yðx;u; sÞ
r ¼ Rðx;u; sÞ;

ð1Þ

in which f, Y, and R are arbitrary functions and the signals x, u,
s, r and y may be scalars or vectors. In this formalism, we
define the input–output model of the isolated system as the
one in equation (1) without r in which we have also set s¼0. In
practice, it is simpler to model the isolated system first, and
only later model the interconnection mechanism to obtain
model (1). Let Si be a system with inputs ui and si and with
outputs yi and ri. Let S1 and S2 be two systemswith disjoint sets
of internal states. We define the interconnection of an
upstream system S1 with a downstream system S2 by simply
setting y1¼u2 and s1¼r2. For interconnecting two systems, we
require that the two systems do not have internal states in
common. For example, in the case of transcriptional compo-
nents, this would mean that the two transcriptional compo-
nents express different protein species; in the case of electrical
circuits, this would mean that the two circuits do not share
common electrical parts except for the ones that establish the
interconnection mechanism.
It has been proposed by previous authors (Saez-Rodriguez

et al, 2004, 2005) that the occurrence of retroactivity, that is,
having non-zero signals r and s, depends on the specific choice
of input u and output y. In particular, it has been proposed to
deal with retroactivity by choosing (if they exist) specific u and
y for the components that will result in zero signals s and r.
Often, and particularly in the context of gene transcriptional
networks such as those analyzed in more detail in this paper, it
is not clear whether such choices are possible. We thus deal
with retroactivity in a different way in this work, assuming that
input and output choices u and y have been made, and posing
the problem as one of understanding when the retroactivity
signals s and r are, or can be made to be, small.
An abstract general formulation of the question, which links

it to the disturbance rejection problem in control theory, is

possible (See Supplementary information); however, for
concreteness, we focus in this paper on what form the
retroactivity signals s and r take for transcriptional networks,
and we provide an operative measure of the effect of
retroactivity s on the dynamics of the upstream system. We
finally propose insulation devices as modules that have zero r
and that attenuate the effect of s, which can be placed between
an upstream system and a downstream one to insulate them.

Retroactivity in gene transcriptional networks

In the previous section, we have defined retroactivity as a
general conceptmodeling the fact thatwhenanupstream system
is input–output connected to a downstream one, its dynamic
behavior can change. In this section, we focus on transcriptional
networks and show what form the retroactivity takes.
A transcriptional network is composed of a number of genes

that express proteins that then act as transcription factors for
other genes. Such a network can be generally represented as
nodes connected by directed edges. Each node represents a
gene and each arrow from node z to node x indicates that the
transcription factor encoded in z, denoted Z, regulates gene x
(Alon, 2007). In this paper, we model each node x of
the network as an input–output module taking as input the
transcription factors that regulate gene x and as output the
protein expressed by gene x, denoted X. This is not the only
possible choice for delimiting a module: one could in fact let
the messenger RNA (mRNA) or the RNA polymerase flow
along the DNA (as suggested by Endy, 2005) play the role of
input and output signals. A directed edge between nodes z and
x indicates that protein Z binds to the operator sites of gene x to
alter (repress or activate) the expression of the latter. We
denote by X the protein, by X (italics) the average protein
concentration, and by x (lower case) the gene expressing
protein X. A transcriptional component that takes as input
protein Z and gives as output protein X is shown in Figure 2 in
the dashed box. The activity of the promoter controlling gene x
depends on the amount of Z bound to the promoter. If Z¼Z(t),
such an activity changes with time. We denote it by k(t). By
neglecting the mRNA dynamics, we can write the dynamics
of X as

dX

dt
¼ kðtÞ $ dX; ð2Þ

in which d is the decay rate of the protein.We refer to equation
(2) as the isolated system dynamics. For the current study, the
mRNA dynamics can be neglected because we focus on how
the dynamics of X changes when we add downstream systems

Figure 1 A system S with input and output signals. The red signals denote
signals originating by retroactivity upon interconnection.

Transcriptional component

Downstream transcriptional component

Z

X

p0 x p

Figure 2 The transcriptional component takes as input u protein concentration Z and gives as output y protein concentration X. The transcription factor Z binds to
operator sites on the promoter. The red part belongs to a downstream transcriptional block that takes protein concentration X as its input.

Modular cell biology
D Del Vecchio et al

4 Molecular Systems Biology 2008 & 2008 EMBO and Nature Publishing Group

such a system S by the equations

dx

dt
¼ fðx; u; sÞ

y ¼ Yðx;u; sÞ
r ¼ Rðx;u; sÞ;

ð1Þ

in which f, Y, and R are arbitrary functions and the signals x, u,
s, r and y may be scalars or vectors. In this formalism, we
define the input–output model of the isolated system as the
one in equation (1) without r in which we have also set s¼0. In
practice, it is simpler to model the isolated system first, and
only later model the interconnection mechanism to obtain
model (1). Let Si be a system with inputs ui and si and with
outputs yi and ri. Let S1 and S2 be two systemswith disjoint sets
of internal states. We define the interconnection of an
upstream system S1 with a downstream system S2 by simply
setting y1¼u2 and s1¼r2. For interconnecting two systems, we
require that the two systems do not have internal states in
common. For example, in the case of transcriptional compo-
nents, this would mean that the two transcriptional compo-
nents express different protein species; in the case of electrical
circuits, this would mean that the two circuits do not share
common electrical parts except for the ones that establish the
interconnection mechanism.
It has been proposed by previous authors (Saez-Rodriguez

et al, 2004, 2005) that the occurrence of retroactivity, that is,
having non-zero signals r and s, depends on the specific choice
of input u and output y. In particular, it has been proposed to
deal with retroactivity by choosing (if they exist) specific u and
y for the components that will result in zero signals s and r.
Often, and particularly in the context of gene transcriptional
networks such as those analyzed in more detail in this paper, it
is not clear whether such choices are possible. We thus deal
with retroactivity in a different way in this work, assuming that
input and output choices u and y have been made, and posing
the problem as one of understanding when the retroactivity
signals s and r are, or can be made to be, small.
An abstract general formulation of the question, which links

it to the disturbance rejection problem in control theory, is

possible (See Supplementary information); however, for
concreteness, we focus in this paper on what form the
retroactivity signals s and r take for transcriptional networks,
and we provide an operative measure of the effect of
retroactivity s on the dynamics of the upstream system. We
finally propose insulation devices as modules that have zero r
and that attenuate the effect of s, which can be placed between
an upstream system and a downstream one to insulate them.

Retroactivity in gene transcriptional networks

In the previous section, we have defined retroactivity as a
general conceptmodeling the fact thatwhenanupstream system
is input–output connected to a downstream one, its dynamic
behavior can change. In this section, we focus on transcriptional
networks and show what form the retroactivity takes.
A transcriptional network is composed of a number of genes

that express proteins that then act as transcription factors for
other genes. Such a network can be generally represented as
nodes connected by directed edges. Each node represents a
gene and each arrow from node z to node x indicates that the
transcription factor encoded in z, denoted Z, regulates gene x
(Alon, 2007). In this paper, we model each node x of
the network as an input–output module taking as input the
transcription factors that regulate gene x and as output the
protein expressed by gene x, denoted X. This is not the only
possible choice for delimiting a module: one could in fact let
the messenger RNA (mRNA) or the RNA polymerase flow
along the DNA (as suggested by Endy, 2005) play the role of
input and output signals. A directed edge between nodes z and
x indicates that protein Z binds to the operator sites of gene x to
alter (repress or activate) the expression of the latter. We
denote by X the protein, by X (italics) the average protein
concentration, and by x (lower case) the gene expressing
protein X. A transcriptional component that takes as input
protein Z and gives as output protein X is shown in Figure 2 in
the dashed box. The activity of the promoter controlling gene x
depends on the amount of Z bound to the promoter. If Z¼Z(t),
such an activity changes with time. We denote it by k(t). By
neglecting the mRNA dynamics, we can write the dynamics
of X as

dX

dt
¼ kðtÞ $ dX; ð2Þ

in which d is the decay rate of the protein.We refer to equation
(2) as the isolated system dynamics. For the current study, the
mRNA dynamics can be neglected because we focus on how
the dynamics of X changes when we add downstream systems

Figure 1 A system S with input and output signals. The red signals denote
signals originating by retroactivity upon interconnection.

Transcriptional component

Downstream transcriptional component

Z

X

p0 x p

Figure 2 The transcriptional component takes as input u protein concentration Z and gives as output y protein concentration X. The transcription factor Z binds to
operator sites on the promoter. The red part belongs to a downstream transcriptional block that takes protein concentration X as its input.
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Modularity plays a fundamental role in the prediction of the behavior of a system from the behavior
of its components, guaranteeing that the properties of individual components do not change upon
interconnection. Just as electrical, hydraulic, and other physical systems often do not display
modularity, nor do many biochemical systems, and specifically, genetic networks. Here, we study
the effect of interconnections on the input–output dynamic characteristics of transcriptional
components, focusing on a property, whichwe call ‘retroactivity’, that plays a role analogous to non-
zero output impedance in electrical systems. In transcriptional networks, retroactivity is largewhen
the amount of transcription factor is comparable to, or smaller than, the amount of promoter-
binding sites, or when the affinity of such binding sites is high. To attenuate the effect of
retroactivity, we propose a feedback mechanism inspired by the design of amplifiers in electronics.
We introduce, in particular, a mechanism based on a phosphorylation–dephosphorylation cycle.
This mechanism enjoys a remarkable insulation property, due to the fast timescales of the
phosphorylation and dephosphorylation reactions.
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Introduction

In their influential paper, Hartwell et al (1999) argued for the
recognition of functional ‘modules’ as a critical level of
biological organization, contending that modularity is a key
feature that makes biology close to synthetic disciplines such
as computer science and engineering. Hartwell et al defined
modules as discrete entities, whose relatively autonomous
functions are separable (through spatial localization or
chemical specificity) from those of other modules, and
designed (or evolved) so that interconnecting modules allow
higher level functions to be built. Examples of modules are
signaling subsystems such as MAPK cascades, or machinery
for protein synthesis or DNA replication. Lauffenburger (2000)
(see also Asthagiri and Lauffenburger, 2000) further elaborates
that biology could be understood in a hierarchical or nested
manner, analogous to engineering design, where components
are studied first in isolation, tested and individually character-
ized, prior to their incorporation into larger systems. From an
evolutionary perspective, ‘modular structures may facilitate
evolutionary change [because] embedding particular func-
tions in discrete modules allows the core function of a module
to be robust to change, but allows for changes in the properties

and functions of a cell (its phenotype) by altering the
connections between different modules’ (Hartwell et al,
1999). This argument has much in common with facilitated
variation (Kirschner and Gerhart, 2005), in which highly
conserved ‘core processes’ are tuned and rearranged via ‘weak
regulatory linkages’, thus allowing an acceleration of evolu-
tionary change. It is also consistent with François Jacob’s view
of ‘evolution as a tinkerer’ (Jacob, 1977): ‘organisms are
historical structuresy They represent, not a perfect product of
engineering, but a patchwork of odd sets pieced together when
and where opportunities arose.’ In recent work, Alon (2007)
revisited Jacob’s idea (‘evolution as a tinkerer works with odds
and ends, assembling interactions until they are good enough
to work’) and framed it from the point of view of a quantitative
systems biologist, identifying modularity as a central principle
in biological networks.
A fundamental systems engineering issue that arises when

interconnecting subsystems is how the process of transmitting
a signal to a ‘downstream’ component affects the dynamic
state of the sending component. Indeed, after designing,
testing, and characterizing the input–output behavior of an
individual component in isolation, it is certainly desirable if its
characteristics do not change substantially when another
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to which X binds. As a consequence, also the specific form of
k(t) is not relevant. Now, assume that X drives a downstream
transcriptional module by binding to a promoter p with
concentration p (the red part of Figure 2). The reversible
binding reaction of X with p is given by

Xþ pÐ
kon

koff
C;

inwhich C is the complex protein promoter and kon and koff are
the binding and dissociation rates of the protein X to the
promoter site p. Since the promoter is not subject to decay, its
total concentration pTOT is conserved so that we can write
pþC¼pTOT. Therefore, the new dynamics of X is governed by
the equations

dX

dt
¼kðtÞ & dX þ koffC & konðpTOT & CÞX

dC

dt
¼& koffC þ konðpTOT & CÞX;

ð3Þ

in which the terms in the box represent the retroactivity to the
output, that is, s ¼ koffC & konðpTOT & CÞX, while the second
of equation (3) describes the dynamics of the input stage of the
downstream system driven by X. Then, we can interpret s as
being a mass flow between the upstream and the downstream
system. When s¼0, the first of equation (3) reduces to the
dynamics of the isolated system given in equation (2). Here,
we have assumed that X binds directly to the promoter p. The
case in which a signal molecule is needed to transform X to the
active form that then binds to p can be treated in a similar way
by considering the additional reversible reaction of X binding
to the signal molecule. The end result of adding this reaction is
the one of having similar terms in the box of equation (3)
involving also the signaling molecule concentration.
How large is the effect of the retroactivity s on the dynamics of

X and what are the biological parameters that affect it? We
focus on the retroactivity to the output s. We can analyze the
effect of the retroactivity to the input r on the upstream system
by simply analyzing the dynamics of Z in the presence of its
binding sites p0 in Figure 2 in a way similar to howwe analyze
the dynamics of X in the presence of the downstream binding
sites p. The effect of the retroactivity s on the behavior of X can
be very large (Figure 3). This is undesirable in a number of
situations in which we would like an upstream system to
‘drive’ a downstream one as is the case, for example, when a
biological oscillator has to time a number of downstream
processes. If, due to the retroactivity, the output signal of the
upstream process becomes too low and/or out of phase with
the output signal of the isolated system (as in Figure 3), the
coordination between the oscillator and the downstream
processes will be lost. We next propose a procedure to obtain
an operative quantification of the effect of the retroactivity on
the dynamics of the upstream system.

Quantification of the effect of the retroactivity to
the output

In this section, we propose a general approach for providing an
operative quantification of the effect of the retroactivity to the
output on the dynamics of the upstream system. This approach

can be generally applied whenever there is a separation of
timescales between the dynamics of the output of the
upstream module and the dynamics of the input stage of the
downstream module. This separation of timescales is usually
encountered in transcriptional networks. In fact, the dynamics
of the input stage of a downstream system is governed by the
reversible binding reaction of the transcription factor with the
operator sites. These reactions are often on the timescales of a
second and thus are fast compared to the timescales of
transcription and translation (often of several minutes) (Alon,
2007). These determine, in turn, the dynamics of the output of
a transcriptional module. Such a separation of timescales is
encountered even when we extend a transcriptional network
to include as interconnection mechanisms between transcrip-
tional modules protein–protein interactions (often with a
subsecond timescale; Shen-Orr et al, 2002), as encountered in
signal transduction networks. In this section, we illustrate our
approach for quantifying the retroactivity effects in the case of
transcription networks, while in section Design 2: amplifica-
tion through phosphorylation we show, through an example,
how the same approach can be employed for mixed transcrip-
tion and signal transduction systems.
We quantify the difference between the dynamics of X in the

isolated system (equation (2)) and the dynamics of X in the
connected system (equation (3)) by establishing conditions on
the biological parameters that make the two dynamics close to
each other. This is achieved by exploiting the difference of
timescales between the protein production and decay processes
and its binding and unbinding process to the promoter p.
By virtue of this separation of timescales, we can approximate
system (3) by a one-dimensional system describing the
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Figure 3 Simulation results for the system in equation (3). Here,
k(t)¼0.01(1þ sin(ot)) with o¼0.005, kon¼10, koff¼10, d¼0.01, pTOT¼100,
X(0)¼5. The choice of protein decay rate (in min&1) corresponds to a half-life of
about 1 h. The frequency of oscillations is chosen to have a period of about 12
times the protein half-life in accordance to what is experimentally observed in the
synthetic clock of Atkinson et al (2003). All simulation results were obtained by
using MATLAB (Simulink), with variable-step ODE solver ODE23s. The green
plot (solid line) represents X(t) originating by the isolated system in equation (2),
while the blue plot (dashed line) represents X(t) obtained by the interconnected
system of equation (3). Both transient and permanent behaviors are different.
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Synthetic Biology: A Unifying View and
Review Using Analog Circuits

Jonathan J. Y. Teo, Sung Sik Woo, Student Member, IEEE, and Rahul Sarpeshkar

Abstract—We review the field of synthetic biology from an
analog circuits and analog computation perspective, focusing on
circuits that have been built in living cells. This perspective is
well suited to pictorially, symbolically, and quantitatively repre-
senting the nonlinear, dynamic, and stochastic (noisy) ordinary
and partial differential equations that rigorously describe the
molecular circuits of synthetic biology. This perspective enables
us to construct a canonical analog circuit schematic that helps
unify and review the operation of many fundamental circuits that
have been built in synthetic biology at the DNA, RNA, protein,
and small-molecule levels over nearly two decades. We review 17
circuits in the literature as particular examples of feedforward and
feedback analog circuits that arise from special topological cases of
the canonical analog circuit schematic. Digital circuit operation of
these circuits represents a special case of saturated analog circuit
behavior and is automatically incorporated as well. Many issues
that have prevented synthetic biology from scaling are naturally
represented in analog circuit schematics. Furthermore, the deep
similarity between the Boltzmann thermodynamic equations that
describe noisy electronic current flow in subthreshold transistors
and noisy molecular flux in biochemical reactions has helped map
analog circuit motifs in electronics to analog circuit motifs in cells
and vice versa via a ‘cytomorphic’ approach. Thus, a body of
knowledge in analog electronic circuit design, analysis, simulation,
and implementation may also be useful in the robust and efficient
design of molecular circuits in synthetic biology, helping it to scale
to more complex circuits in the future.

Index Terms—Analog circuits, biological circuit design, cellular
engineering, cytomorphic, feedback, resource consumption, re-
view, synthetic biology analog computation.

I. INTRODUCTION

T HOUGH we now know a lot about the parts list of cells,
we have been unable to engineer cells to get these parts

to work together in more complex circuits: After nearly two
decades of research, the largest circuit built within a cell is
still a synthetic ‘6-logic-gate circuit’ [1]. A state-of-the-art
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‘12-part circuit’ necessitated 4 kinds of cells with 3 logic
gates within each [2]. In contrast, Nature herself has designed
complex nonlinear, stochastic, analog circuits within cells that
have over 30 000 state variables [3]–[5]; her circuits comprise
asynchronous feedback circuits in pathways significantly more
complex than feed-forward, high-molecular-copy-number
logic gates. Furthermore, her circuits are so energy, part-count,
and molecular-copy-number efficient that her computational
efficiency per operation is 4 to 5 orders of magnitude more
efficient than man-made systems in nanoscale GHz electronic
processes and is already near the thermodynamic limits of
physics [3], [6]. To develop complex circuits that are as robust
and as efficient as in nature, we will need to address 5 main
challenges:
1) Oversimplified Design Paradigms and Abstractions:
Even thoughmolecules are discrete and digital, cells do not
operate with reliable ‘1’ and ‘0’ signals like modern-day
computers do. Rather, the signals in cells are inherently
probabilistic as all thermodynamic signals are. In the typ-
ical copy numbers seen in cells, many such probabilistic
Poisson events combine to create a mean 2–5 bit-precise
analog signal with noise [4]; RNA signals are significantly
more noisy and probabilistic than protein signals that have
the benefit of more averaging. The basic building-block
DNA, RNA, and protein circuits of cells are not logic
gates but are described by analog reaction-network differ-
ential and stochastic (probabilistic or noisy) differential
equations. The signals can be thresholded above a certain
molecular count to yield a ‘1’ and thresholded below a
certain molecular count to yield a ‘0’ if only the saturated
portion of basis functions are utilized (as in Fig. 1, adapted
from [7]). But the transfer function is not really a logic
gate and does not compose neatly like logic gates do.
Most logical on/off ratios in biological circuits are in the
10–100 range such that ‘switches’ in these logic circuits
are about 4 to 10 orders of magnitude more leaky than
most switches in digital computers today. In certain cases,
truly discrete state transitions caused by positive feedback
do cause absolute digital behavior, e.g., in the differenti-
ation or division of a cell or in cell-cycle transitions [5];
but, digital circuits are a special case of analog circuits that
already represent saturated behavior. As in engineering,
analog circuit motifs that are a quantitatively accurate and
insightful representation of the actual underlying differen-
tial equations but that are not oversimplified are essential
for design.

2) Non-Modular Behavior and Loading: Downstream
pathways in cells consume molecules and therefore affect

1932-4545 © 2015 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but republication/
redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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We analyse the pros and cons of analog versus
digital computation in living cells. Our analysis is
based on fundamental laws of noise in gene and
protein expression, which set limits on the energy,
time, space, molecular count and part-count resources
needed to compute at a given level of precision.
We conclude that analog computation is significantly
more efficient in its use of resources than deterministic
digital computation even at relatively high levels
of precision in the cell. Based on this analysis, we
conclude that synthetic biology must use analog,
collective analog, probabilistic and hybrid analog–
digital computational approaches; otherwise, even
relatively simple synthetic computations in cells such
as addition will exceed energy and molecular-count
budgets. We present schematics for efficiently repre-
senting analog DNA–protein computation in cells.
Analog electronic flow in subthreshold transistors
and analog molecular flux in chemical reactions obey
Boltzmann exponential laws of thermodynamics and
are described by astoundingly similar logarithmic
electrochemical potentials. Therefore, cytomorphic
circuits can help to map circuit designs between
electronic and biochemical domains. We review
recent work that uses positive-feedback linearization
circuits to architect wide-dynamic-range logarithmic
analog computation in Escherichia coli using three
transcription factors, nearly two orders of magnitude
more efficient in parts than prior digital
implementations.

1. Introduction, motivations and overview
Every living cell within us is a hybrid analog–digital
supercomputer that implements highly computationally
intensive nonlinear, stochastic, differential equations
with 30 000 gene–protein state variables that interact

2014 The Authors. Published by the Royal Society under the terms of the
Creative Commons Attribution License http://creativecommons.org/licenses/
by/3.0/, which permits unrestricted use, provided the original author and
source are credited.
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Figure 2. Analog versus digital computation in cells. (a) The figure shows the power costs for doing addition in cells with a
genetic circuit. (b) The figure shows the molecular protein number required for doing addition in cells with a genetic circuit.

Figure 2b shows that the costs of analog addition in total protein molecular number are also
significantly less than those of digital addition even at nearly 8 bits of precision. At this crossover
precision, a staggering 1 million protein molecules are involved in addition. This number is about
1 in every 1000 protein molecules in yeast [31], which may be possible in the analog approach
and harder in the digital approach (because 129 logic gates are needed). However, from [44],
this 1/1000 change is about three orders of magnitude higher than the change needed to impact
evolution in a yeast population. Therefore, the molecular-count costs of adding at 8-bit precision
in a cell are still very expensive. At the 8-bit crossover in figure 2b, figure 2a shows that the
corresponding analog power consumption is almost an order of magnitude less than digital
power consumption.

High molecular copy numbers and high power consumption are characteristic of high-
precision computation. Both lead to toxicity in the cell: high protein copy numbers can cause
inadvertent binding of high-copy-number molecules to molecules in essential pathways and
interfere with their function via competitive binding. High power consumption generates reactive
oxygen species that lead to oxidative stress, cellular damage and cell death. So, high power
consumption is not just an undesirable feature in cells as it is in some electronic systems: it actually
leads to death. In some electronic systems, especially digital ones, high power consumption can
lead to catastrophic failure of portions of a chip via thermal runaway effects.

(g) Analog versus digital
Do the lessons learned from the example of addition generalize to other computations? Are these
lessons sensitive to our parameter values and assumptions? All computations have analog–digital
crossover curves similar to those in figure 2a,b but the exact crossover precision depends on the
computational task. Tasks that can be performed with fewer analog parts push the crossover
point to higher precision [1,14]. Feedback loops in analog computation that correct for error push
the crossover to higher precision [1]. Parameter changes can certainly shift the location of the
crossover point and are different in different technologies—in electronics, in neurobiology and in
cells [1,14].

As an example of how parameters can shift the analog–digital crossover point, let us assume
that NdigHI = 2 K instead of 20 K such that digital power consumption is reduced by nearly 10
times. The analog–digital crossover point for power consumption will then be near 7 bits rather
than 10 bits for addition, which is still very precise for a cell. In practice, there may be several
problems associated with this lower value of NdigHI: with NdigHI = 2 K, we require operation
at Kd = 1 nM for all gates in the digital adder. The low Kd requires significant DNA–protein
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Biology is a very dynamic field
• Results and methods get overturned
• Even those from big names and well cited papers 
• Even mathematical results 

– Due to the approximation being used 
• Make sure you read the latest papers 
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Conclusions 
• Attackable important research problems

• Very rich paradigms in molecular communication 
– This means lots of space for innovations 

• Tomorrow: Analogue matched filter for demodulating chemical signals


