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Course 3:  A logic view of information processing:  
Network motifs

What is biological information? (II) 
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Logic and function of biological networks

Information provides a language to decipher the meaning and logic of living systems

Use Computational metaphor to account for: 
• Purpose & Function 
• Rules & Logic

Biological processes can be usefully described as information processing: they 
involve the manipulation of symbolic representations according to formal rules to 
achieve a functional outcome.  

This perspective shifts the focus from the specific chemical substrates (e.g., DNA, 
proteins) to the logical and algorithmic principles governing the system.
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1 molecule — 1 function
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232 Chapter 7 Hemoglobin, Nature’s Honorary Enzyme

Figure 7.1

Respiration, red blood cells, and hemo-
globin. Oxygen is taken into the lungs and
passes by di!usion between the alveoli and
the blood capillaries, where it is taken up
by red blood cells for transport to tissues
throughout the body. The red blood cells
are full of oxygen-carrying hemoglobin
molecules.
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7.1.1 Hemoglobin and Respiration

We begin with a brief introduction to respiration. As shown in Figure 7.1, with
every breath our lungs are "lled with several liters of air. The oxygen in each
such breath is at a su#ciently high partial pressure (or concentration) that there
is a high probability the tetrameric hemoglobinmolecules in our red blood cells
will be occupied with four molecules of O2 each. As those blood cells leave
the lungs and travel throughout the circulatory system to our distant tissues,
they are faced with a reduced oxygen partial pressure, resulting in the libera-
tion of oxygen from the nearly saturated hemoglobin molecules. These oxygen
molecules then di!use to those cells that are within roughly 100 µm of the
capillary, where they are absorbed and used for the many purposes of cellular
physiology.

One of the ways we can understand this process is through the binding
curves that show the degree of saturation of hemoglobin with oxygen. Exam-
ples of such binding curves from the original work of Christian Bohr (1904) are
shown in Figure 7.2. The concentration of oxygen is plotted on the x-axis, while
the y-axis tells us the percentage of hemoglobin binding sites occupied by oxy-
gen. The di!erent curves reveal the e!ect that bears Bohr’s name and show the
dependence of oxygen binding upon the concentration of CO2. Explaining the
mechanistic underpinnings of these curves provided a fundamental quantita-
tive challenge to biochemists and biologists alike and led to a number of famous
models such as the Pauling and Adair models and variants of the MWCmodel
that are our main focus here.

The molecular basis of the binding curves shown in Figure 7.2 is revealed in
Figure 7.3. As seen in the "gure and as is evident to anyone receiving the results
of her/his complete blood count (CBC) test (see Figure 7.4), each of our red
blood cells harbors hundreds of millions of hemoglobin molecules.
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7.1 Hemoglobin Claims Its Place in Science 233

increasing CO2

Figure 7.2

Binding curves for hemoglobin and the
Bohr e!ect. Data from the original paper
by Christian Bohr illustrating the e!ect
that bears his name. Each curve reports
the fractional binding of hemoglobin
(y-axis) as a function of oxygen concentra-
tion (x-axis) for di!ering concentrations
of CO2.
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Figure 7.3

Red blood cells and hemoglobin. Each red blood cell harbors hundreds of millions of hemoglobin tetramers. Oxygen binds to the four
heme sites within each hemoglobin molecule.

Estimate: Red Blood Cells and Hemoglobin
The result of a complete blood count test reveals the presence of on the
order of 5! 106 red blood cells per microliter of blood (see Figure 7.4).
Given the total of 5! 106 µL (i.e., ≈5 L) of blood in the adult human body
leads to an estimate of ≈25! 1012 red blood cells in each of us, making
them the most abundant cell type we have. Given also that there is roughly
15 g of hemoglobin for every deciliter of blood (the so-called mean corpus-
cular hemoglobin (MCH), also shown in Figure 7.4), we can estimate the
number of hemoglobin molecules per cell. Once again using the estimate ES
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Estimate: Red Blood Cells and Hemoglobin
The result of a complete blood count test reveals the presence of on the
order of 5! 106 red blood cells per microliter of blood (see Figure 7.4).
Given the total of 5! 106 µL (i.e., ≈5 L) of blood in the adult human body
leads to an estimate of ≈25! 1012 red blood cells in each of us, making
them the most abundant cell type we have. Given also that there is roughly
15 g of hemoglobin for every deciliter of blood (the so-called mean corpus-
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R. Phillips, The Molecular Switch: signaling and allostery. Princeton Univ. Press. 2020

Bohr effect

One gene one function hypothesis 
— Ephrussi and Beadle: Drosophila eye 
colour phenotypes and mutants 
suggested 1 gene - 1 enzyme 
relationship 
— Beadle and Tatum (amino acids 
synthesis mutant in Neurospora 
crassa): 1 gene - 1 enzyme. Nobel 
Prize, 1958.
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10.1. STEPPING BACK FROM THE ONE GENE, ONE MODEL VIEW663
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Figure 10.6: Gene regulatory network in budding yeast associated with nitrogen
response. The diagram denotes target genes that are regulated by at least one
nitrogen-related transcription factor (green) or one cell cycle-related transcrip-
tion factor (blue). Adapted from C. A. Jackson at al., eLife 9:e51254, 2020.

Target genes that are regulated by >one 
nitrogen-related transcription factor (green) 
or >one cell cycle-related transcription 
factor (blue).  

1 network — 1 function

Nitrogen response in yeast 
and coordination with cell cycle

C. A. Jackson at al., eLife 9:e51254, 2020.

Hernan G. Garcia and Rob Phillips, Physical genomics
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• Transcription factors (TFs)  are « symbols » that provide an internal representation of the environment. 
Combinatorial activity enriches this representation 

• In E. coli, ~300 TFs provide a 300-dimensional representation of the world to regulate ~4500 genes.  
• GRNs allow « predictions » of environmental changes: statistics of changes, ie. fluctuations and 

persistant change etc

Hernan G. Garcia and Rob Phillips, Physical genomics

656CHAPTER 10. MATHEMATICIZING GENE REGULATORYNETWORKS

signal 1 signal 2 signal 3 signal 4 signal N

X1 X2 X3 Xm

gene 1 gene 2 gene 3 gene 4 gene 5 gene 6 gene k

environment

genes

transcription
factors

Figure 10.1: Modern concept of gene regulatory networks. In this hypothetical
gene regulatory network, environmental signals interact with transcription fac-
tors which, in turn, interact with multiple combinations of target genes. The
products of these genes can then feed back into the regulatory network by af-
fecting transcription factor number and a�nity, and the environmental signals
themselves as shown by the downward and upward pointing arrows on the left.
Adapted from U. Alon, Principles of Systems Biology, CRC Press, Boca Raton,
FL, 2020.

of our readers have seen the famed diagrams of the metabolic pathways of cells
that sometimes adorn the walls of the labs we work in or visit. And many of
those same readers had to memorize key pieces of those networks such as the
Krebs cycle. These crisscrossing networks can sometimes be so complex as to
have garnered the uncomplimentary title of “hairballs.”

Early on in the book, in Figure 1.25 (p. 54), we saw how Britten and David-
son inaugurated the idea that gene regulatory networks are a fundamental part
of cellular decision making. Further, the mapping of these regulatory networks
has led to the identification of several so-called network motifs—particular ar-
rangements of connections between genes—that are capable of encoding for
specific functions such as switches and oscillators. In this section, we gently
showcase a subset of some of the most famous hairballs relevant to the reg-
ulatory decisions in organisms of all types as a first foray into understanding
network connectivity and the logic encoded by these network motifs.

10.1.1 Regulatory Wiring in E. coli

Given its central role in the emergence of modern molecular biology, it is no
surprise that we need to reflect on the gene regulatory networks in E. coli.
Figure 10.2 gives an overview of some of the key linkages between di↵erent
genes across the E. coli genome. Each of the four letter identifiers refers to a
particular E. coli protein, with place of prominence given to the transcription
factors which are identified by ovals around their four letter symbol. What

From Molecules to Function
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Metabolic pathways 

https://en.wikipedia.org/wiki/Template:Metabolic_metro

Enzyme/substrate, Regulator/Enzyme

Chemical signalling pathways are complex

Glucose   Fatty acids   AA

ATP

ATP

Proteins
FA NucleotidesAA
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~104 different proteins per cell

Catabolism

Anabolism
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Fig. 1. GRN for endomesoderm specification in sea urchin embryos. (A) GRN for period from initiation of zygotic regulatory control shortly after fertilization
to just before gastrulation (!4–30 h). The short horizontal lines represent relevant cis-regulatory modules of indicated genes on which the color-coded inputs
impinge. The sources of these inputs are other genes of the GRN, as indicated by the thin colored lines. Small open and filled circles represent protein–protein
interactions that occur off the DNA and are not included explicitly in the GRN, the objective of which is to display the predicted genomic regulatory organization
responsible for spatial and temporal expression of the genes it includes. For symbolism, explanations, and access to the BIOTAPESTRY software by which the GRN
is built and maintained, see http:!!sugp.caltech.edu!endomes!webStart!bioTapestry.jnlp, where the current version of GRN is posted or contact E.H.D. The red
circles indicate genes for which genomic cis-regulatory modules have been isolated and shown to generate the relevant spatial and temporal patterns of gene
expression of the endogenous genes. (B) The cis-regulatory programming of the wnt8 loop, from ref. 24. Experiments demonstrate that the cis-regulatory system
includes Tcf sites that are required to maintain expression and that respond to the !-catenin–Tcf input (n!-TCF); as is well known, reception of the Wnt8 signal
ligand causes intracellular formation of nuclear !-catenin–Tcf complex in the recipient cells. Thus, the endomesodermal cells are engaged in a self-stimulating,
positive reinforcement of expression of Tcf-responsive genes (see A). (C) The cis-regulatory programming responsible for reception by adjacent presumptive
mesodermal cells of a Delta signal emitted by skeletogenic cells and for activation of pigment cell differentiation genes (29); these are SuTx (Sulfotransferase),
Dpt (Dopachrome tautomerase), Pks (Polyketide synthetase), and FvMo (Flavine-containing monoxigenase). The Delta signal is received by a Notch receptor that
together with a Supressor of Hairless [Su(H)] transcription factor already present in these cells transmits a permissive input to the cis-regulatory module of the
gcm regulatory gene. These relationships were established experimentally in gene transfer studies by using a mutant Su(H) factor and by mutational analysis
of the gcm cis-regulatory module (A. Ransick and E.H.D., unpublished data). After activation, gcm locks itself on by autoregulation. (D) Endoderm specification

4938 " www.pnas.org!cgi!doi!10.1073!pnas.0408031102 Levine and Davidson

L. Bodenstein. Mechanisms of Development, 162 (2020) 
https://doi.org/10.1016/j.mod.2020.103606

Developmental Gene regulatory networks 
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Chemical signalling pathways are complex
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Fig. 2. Overview of the molecular signaling map (MSM).
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Signalling pathways: from cell surface to gene regulation 

Li and Mansmann. Cellular Signalling 26 (2014) 2834–2842Thomas LECUIT   2025-2026

Chemical signalling pathways are awfully complex



Thomas LECUIT   2025-2026

How to make sense of such complexity?

© 1999 Macmillan Magazines Ltd

Although living systems obey the laws of
physics and chemistry, the notion of
function or purpose differentiates biol-

ogy from other natural sciences. Organisms
exist to reproduce, whereas, outside religious
belief, rocks and stars have no purpose.
Selection for function has produced the liv-
ing cell, with a unique set of properties that
distinguish it from inanimate systems of
interacting molecules. Cells exist far from
thermal equilibrium by harvesting energy
from their environment. They are composed
of thousands of different types of molecule.
They contain information for their survival
and reproduction, in the form of their DNA.
Their interactions with the environment
depend in a byzantine fashion on this infor-
mation, and the information and the
machinery that interprets it are replicated by
reproducing the cell. How do these proper-
ties emerge from the interactions between
the molecules that make up cells and how are
they shaped by evolutionary competition
with other cells?

Much of twentieth-century biology has
been an attempt to reduce biological
phenomena to the behaviour of molecules.
This approach is particularly clear in genet-
ics, which began as an investigation into the
inheritance of variation, such as differences
in the colour of pea seeds and fly eyes. From
these studies, geneticists inferred the exis-
tence of genes and many of their properties,
such as their linear arrangement along the
length of a chromosome. Further analysis led
to the principles that each gene controls the
synthesis of one protein, that DNA contains
genetic information, and that the genetic
code links the sequence of DNA to the 
structure of proteins. 

Despite the enormous success of this
approach, a discrete biological function can
only rarely be attributed to an individual
molecule, in the sense that the main purpose
of haemoglobin is to transport gas molecules
in the bloodstream. In contrast, most biolog-
ical functions arise from interactions among

many components. For example, in the 
signal transduction system in yeast that 
converts the detection of a pheromone into
the act of mating, there is no single protein
responsible for amplifying the input signal
provided by the pheromone molecule.

To describe biological functions, we need
a vocabulary that contains concepts such as
amplification, adaptation, robustness, insu-
lation, error correction and coincidence
detection. For example, to decipher how the
binding of a few molecules of an attractant to
receptors on the surface of a bacterium can
make the bacterium move towards the
attractant (chemotaxis) will require under-
standing how cells robustly detect and
amplify signals in a noisy environment. 

Having described such concepts, we need to
explain how they arise from interactions
among components in the cell.

We argue here for the recognition of 
functional ‘modules’ as a critical level of bio-
logical organization. Modules are composed
of many types of molecule. They have dis-
crete functions that arise from interactions
among their components (proteins, DNA,
RNA and small molecules), but these func-
tions cannot easily be predicted by studying
the properties of the isolated components.
We believe that general ‘design principles’ —
profoundly shaped by the constraints of evo-
lution — govern the structure and function
of modules. Finally, the notion of function
and functional properties separates biology

impacts

NATURE | VOL 402 | SUPP | 2 DECEMBER 1999 | www.nature.com C47

From molecular 
to modular cell biology
Leland H. Hartwell, John J. Hopfield, Stanislas Leibler and Andrew W. Murray

Cellular functions, such as signal transmission, are carried out by ‘modules’
made up of many species of interacting molecules. Understanding how
modules work has depended on combining phenomenological analysis with
molecular studies. General principles that govern the structure and
behaviour of modules may be discovered with help from synthetic sciences
such as engineering and computer science, from stronger interactions
between experiment and theory in cell biology, and from an appreciation of
evolutionary constraints.

Action potentials are large, brief, highly nonlinear
pulses of cell electrical potential which are central to
communication between nerve cells. Hodgkin and
Huxley’s analysis of action potentials29 exemplifies
understanding through in silico reconstruction. They
studied the dynamical behaviour of the voltage-
dependent conductivity of a nerve cell membrane
for Na+ and K+ ions, and described this behaviour in
a set of empirically based equations. At the time,
there was no information available about the
channel proteins in nerve cell membranes that are
now known to cause these dynamical conductivities.
From (conceptually) simple experiments on these
individual conductivities, Hodgkin and Huxley
produced simulations that quantitatively described
the dynamics of action potentials, showed that the
action potentials would propagate along an axon
with constant velocity, and correctly described how
the velocity should change with axon radius and
other parameters. Just as explanations of
hydrodynamic phenomena do not require knowledge
of the quantum chemistry of water, those who are interested in the behaviour of neural circuits need not
know how the particular channel proteins give rise to the Hodgkin–Huxley equations.

Box 1Phenomenological analysis of action 
potentials in nerve cells
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Modelling action potentials. The upper 
trace shows three membrane action 
potentials, responding to different strengths 
of stimulus, calculated by Hodgkin and 
Huxley, while the lower trace shows a
corresponding series of experimental
recordings. (Adapted from ref. 29.)

• Modular design of biochemical networks 
• « Design principles » reflect evolutionary contraints 
(ie. Marr’s computational level: function/task)

Hartwell et al. Nature 402, 1999

• Modules are composed of many 
different interacting molecules.  

• Modules have discrete functions that 
arise from interactions among their 
components (proteins, DNA, RNA 
etc). 

• Modules may be related by shared 
« design principles », even if they are 
not related by genomic sequences 
and genetics (evolutionary descent).  

• Conservation of algorithmic logic



• Cell cycle transitions: G2/M or exit from mitosis 

• Adaptation in bacterial chemotaxis and sensitivity: reset over large range of input values. 

• Transcription in eukaryotes requires multiples co-factors. 

Thomas LECUIT   2025-2026

How to make sense of such complexity?

• Modular design of biochemical networks 
• ‘Design principles’ reflect evolutionary contraints

Hartwell et al. Nature 402, 1999

• Examples of modules from engineering:  
• Positive feedback: rapid transitions 

• Negative feedback: homeostasis and adaptation  

• Coincidence detector: requires 2 input for response 

• Amplifier: minimise effect of noise on signal 
• Parallel circuits (fail-safe): survive failures of one circuit 
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A framework to disentangle in complex processes: 

• The purpose/function (why): computational level 

• The strategy (how):                  algorithmic level 

• The biology/physics (what):   implementational level 

David Marr (1945-1980) 

VISION
A Computational Investigation 
into the Human Representation 

and Processing of Visual Information

David Marr

The MIT Press
Cambridge, Massachusetts

London, England

Marr’s Tri-level of analysis

1982, Vision, David Marr 
W. H. Freeman and Company 
2010: MIT press (re-published)

Need to characterise the Algorithmic information
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Logic using Boolean networks

R. Milo et al and U. Alon. Science, 298: 824-827 (2002) 

• Genes are in binary state (ON or OFF) 
• Genome forms nets of genes 
• Study the logic of network dynamics (attractors, cycles etc)

J. theor. Biol. (1973) 42, 563-585 

Boolean Formalization of Genetic Control Circuits 
RENI? THOMAS 

Laboratoire de GMtique, Faculte’ des Sciences, 
et Laboratoire des systPmes logiques et numkriques, 

Facultk des Sciences appliqukes, Universitt! libre de Bruxelles 

(Received 25 January 1973, and in revisedform 21 June 1973) 

This paper is an attempt to formalize in Boolean terms genetic situations, 
from simple concepts like recessitivity and cis-dominance, to models 
describing complex control circuits. 

A primary objective was to provide a language describing in a compact 
and unambiguous way, systems which become more and more difficult to 
describe as their complexity is being unravelled. Expression of a gene is 
given as a binary function of binary variables of three types: 

“genetic” variables, which describe the state (so-called normal, or 
mutated in various ways) of genes or recognition sites (promoters, 
operators, terminators, etc. . . .); 
“environmental” variables such as a temperature shift or the presence of 
a substance above a threshold concentration; 
“internal” variables used for memorizing previous states of the 
system. Circuit engineers use, for memorization, pairs internal functions 
( Y1) and variables (~3 such that the value of the variable at time t 
is the same as that of the associated function at time t - At; the value 
of a variable thus serves as a memory of the value of the associated 
function in the preceeding period (see Florine, 1964). It was realized 
during this work that concepts like the expression of a gene and the 
presence of its product are related to each other essentially in the same 
way as the internal functions Yi and variables yl. 

Tabulation of the logic equations as Veitch matrices greatly helps in 
reducing the algebraic expressions (and, hence, the corresponding verbal 
expressions) to their simplest form. But the main interest of the Veitch 
tabulation of the equations is that it gives a clear and exhaustive view 
of all the states of the system as predicted by the model. This is especially 
useful for sequential problems; the matrices show which states are stable 
ones, and how the system proceeds from state to state. The logic equations 
can also be wired up for simulation, using appropriate delays between 
switching on or off an internal function and its memorization variable. 

The language proposed is now currently used by the author for clarifi- 
cation of complex models (e.g. in regulation of bacteriophage A). 
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-Author to whom correspondence should be addressed.
E-mail: lsanchez@cib.csic.es.
APresent address: ESIL-GBMA, UniversiteH de la MeH di-

terraneH e, Campus de Lumiry Case 925, 13288 Marseille
cedex 9, France.

J. theor. Biol. (2001) 211, 115}141
doi:10.1006/jtbi.2001.2335, available online at http://www.idealibrary.com on

A Logical Analysis of the Drosophila Gap-gene System

LUCAS SAD NCHEZ*- AND DENIS THIEFFRY?A

*Centro de Investigaciones Biolo&gicas, VelaH zquez 144, 28006 Madrid, Spain, and
?IBMM-ULB, B-6041 Gosselies, Belgium

(Received on 3 November 2000, Accepted in revised form on 19 April 2001)

This manuscript focuses on the formal analysis of the gap-gene network involved in Drosophila
segmentation. The gap genes are expressed in de"ned domains along the anterior}posterior
axis of the embryo, as a response to asymmetric maternal information in the oocyte. Though
many of the individual interactions among maternal and gap genes are reasonably well
understood, we still lack a thorough understanding of the dynamic behavior of the system as
a whole. Based on a generalized logical formalization, the present analysis leads to the
delineation of: (1) the minimal number of distinct, qualitative, functional levels associated with
each of the key regulatory factors (the three maternal Bcd, Hb and Cad products, and the four
gap Gt, Hb, Kr and Kni products); (2) the most crucial interactions and regulatory circuits of
the earliest stages of the segmentation process; (3) the ordering of di!erent regulatory interac-
tions governed by each of these products according to corresponding concentration scales; and
(4) the role of gap-gene cross-interactions in the transformation of graded maternal informa-
tion into discrete gap-gene expression domains. The proposed model allows not only the
qualitative reproduction of the patterns of gene expression characterized experimentally, but
also the simulation and prediction of single and multiple mutant phenotypes.

! 2001 Academic Press

Introduction

Epigenesis is the developmental process in which
a single starting cell (zygote) gives rise to the
gradual temporal and spatial formation of a set
of di!erent cell types arranged in a speci"c order
(pattern formation/morphogenesis) characteristic
of each species. During this process, cells lose
their developmental potential and are irrevers-
ibly committed to develop along speci"c
pathways (cellular determination). Each deter-
mination state (cell type) involves a particular
combination of genes speci"cally activated as

a response to an external signal (morphogen).
This combination of active genes is heritable at
cell division.

One of the basic questions of pattern forma-
tion is how di!erent cell types are generated
within a uniform population of cells ("eld). Two
mechanistic solutions to this problem have been
proposed (Ra! & Kau!man, 1983). In the mosaic
determinant mechanism, the embryonic pattern
results from the action of discrete morphogens in
di!erent regions of the egg. During cleavage,
these morphogens are distributed into di!erent
blastomeres. Consequently, they develop along
distinct developmental pathways that result
in the formation of di!erent cell types. In the
gradient determinant mechanism, the pattern is

0022}5193/01/140115#27 $35.00/0 ! 2001 Academic Press

I. Theoret. Biol. (1969) 22, 437-467 

Metabolic Stability and Epigenesis in 
Randomly Constructed Genetic Nets 

S. A. KAUFFMAN 

Department of Anatomy, University of California Medical School, 
San Francisco, California, U.S.A. 

Research Laboratory of Electronics, Massachusetts Institute of Technology, 
Cambridge, Massachusetts, U.S.A.? 

(Received 19 March 1968, and in revisedform 8 July 1968) 

“The world is either the effect of cause or 
chance. If  the latter, it is a world for all 
that, that is to say, it is a regular and 
beautiful structure.” 

Marcus Aurelius 

Proto-organisms probably were randomly aggregated nets of chemical 
reactions. The hypothesis that contemporary organisms are also randomly 
constructed molecular automata is examined by modeling the gene as a 
binary (on-off) device and studying the behavior of large, randomly con- 
structed nets of these binary “genes”. The results suggest that, if each 
“gene” is directly affected by two or three other “genes”, then such random 
nets: behave with great order and stability; undergo behavior cycles 
whose length predicts cell replication time as a function of the number of 
genes per cell; possess different modes of behavior whose number per net 
predicts roughly the number of cell types in an organism as a function of 
its number of genes; and under the stimulus of noise are capable of 
differentiating directly from any mode of behavior to at most a few other 
modes of behavior. Cellular differentation is modeled as a Markov chain 
among the modes of behavior of a genetic net. The possibility of a general 
theory of metabolic behavior is suggested. 

1. Introduction 
A living thing is a complex net of interactions between thousands or millions 
of chemical species. A fundamental task of biology is to account for the origin 
and nature of metabolic stability in such systems in terms of the mechanisms 
which control biosynthesis. In the thermodynamics of gases, the mathematical 
laws of statistics bridge the gap between a chaos of colliding molecules and the 
simple order of the gas laws. In biology, a gene specifies a protein, and the 

t Present address: Cincinnati General Hospital, Cincinnati, Ohio, U.S.A. 
437 
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Network motifs

Uri Alon Ron Milo

Weizmann Institute, Rehovot

R. Milo et al and U. Alon. Science, 298: 824-827 (2002) 

Cl concentrations in the Sajama ice core, and to
a number of other pedological and geomorpho-
logical features indicative of long-term dry cli-
mates (8, 11–14, 18). This decline in human
activity around the Altiplano paleolakes is seen
in most caves, with early and late occupations
separated by largely sterile mid-Holocene sed-
iments. However, a few sites, including the
caves of Tulan-67 and Tulan-68, show that
people did not completely disappear from the
area. All of the sites of sporadic occupation
are located near wetlands in valleys, near
large springs, or where lakes turned into wet-
lands and subsistence resources were locally
still available despite a generally arid climate
(7, 8, 19, 20).

Archaeological data from surrounding ar-
eas suggest that the Silencio Arqueológico
applies best to the most arid areas of the
central Andes, where aridity thresholds for
early societies were critical. In contrast, a
weaker expression is to be expected in the
more humid highlands of northern Chile
(north of 20°S, such as Salar Huasco) and
Peru (21). In northwest Argentina, the Silen-
cio Arqueológico is found in four of the six
known caves (22) [see review in (23)]. It is
also found on the coast of Peru in sites that
are associated with ephemeral streams (24 ).
The southern limit in Chile and northwest
Argentina has yet to be explored.
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Network Motifs: Simple Building
Blocks of Complex Networks

R. Milo,1 S. Shen-Orr,1 S. Itzkovitz,1 N. Kashtan,1 D. Chklovskii,2

U. Alon1*

Complex networks are studied across many fields of science. To uncover their
structural design principles, we defined “network motifs,” patterns of inter-
connections occurring in complex networks at numbers that are significantly
higher than those in randomized networks. We found such motifs in networks
from biochemistry, neurobiology, ecology, and engineering. The motifs shared
by ecological food webs were distinct from the motifs shared by the genetic
networks of Escherichia coli and Saccharomyces cerevisiae or from those found
in the World Wide Web. Similar motifs were found in networks that perform
information processing, even though they describe elements as different as
biomolecules within a cell and synaptic connections between neurons in Cae-
norhabditis elegans. Motifs may thus define universal classes of networks. This
approach may uncover the basic building blocks of most networks.

Many of the complex networks that occur in
nature have been shown to share global statis-
tical features (1–10). These include the “small
world” property (1–9) of short paths between
any two nodes and highly clustered connec-
tions. In addition, in many natural networks,
there are a few nodes with many more connec-
tions than the average node has. In these types

of networks, termed “scale-free networks” (4,
6), the fraction of nodes having k edges, p(k),
decays as a power law p(k) ! k–" (where " is
often between 2 and 3). To go beyond these
global features would require an understanding
of the basic structural elements particular to
each class of networks (9). To do this, we
developed an algorithm for detecting network
motifs: recurring, significant patterns of inter-
connections. A detailed application to a gene
regulation network has been presented (11).
Related methods were used to test hypotheses
on social networks (12, 13). Here we generalize
this approach to virtually any type of connec-
tivity graph and find the striking appearance of

1Departments of Physics of Complex Systems and
Molecular Cell Biology, Weizmann Institute of Sci-
ence, Rehovot, Israel 76100. 2Cold Spring Harbor Lab-
oratory, Cold Spring Harbor, NY 11724, USA.

*To whom correspondence should be addressed. E-
mail: urialon@weizmann.ac.il

Fig. 1. (A) Examples
of interactions repre-
sented by directed
edges between nodes
in some of the net-
works used for the
present study. These
networks go from the
scale of biomolecules
(transcription factor
protein X binds regu-
latory DNA regions
of a gene to regulate
the production rate
of protein Y),
through cells (neuron
X is synaptically con-
nected to neuron Y),
to organisms (X
feeds on Y). (B) All 13 types of three-node connected subgraphs.
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Network motifs

Recurrent themes in biological networks: Positive Feedback

• Number of autoregulations in a random network :
Arrows are distributed randomly among pairs of nodes 
Probability of self-activation among N nodes with A arrows
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Random Networks” below we outline how such a calculation can be performed
to demonstrate that the autoregulatory motif, where a gene dictates its own
expression, is over-represented compared to a network generated randomly.

Estimate: The Frequency of the Autoregulatory Motif in Random
Networks

The goal of this estimate is to explore the kinds of networks that arise
given N nodes and A arrows and to compare the frequency of the resulting
network motifs to those found in cells. This estimate was inspired by and im-
itates that of Uri Alon in his classic book on systems biology that the reader
is urged in the Further Reading to read cover to cover. To begin, we note
that mutations and genome rearrangements are capable of creating or abolish-
ing regulatory connections within gene regulatory networks by, for example,
adding or deleting a transcription factor binding site. Thus network topol-
ogy is under constant change due to genome alteration, and natural selection
must act in order to preserve wild-type networks, or to select for new, more
advantageous connections.

To reveal network connections that might be under evolutionary selection,
it is useful to compare networks found in living organisms to those that can
be generated by random processes. Specifically, in Figure 10.3(A) we show
a hypothetical network meant to imitate a small regulatory motif composed
of N nodes and A arrows, Nself of which are self-interacting arrows leading
to autoregulation. Figure 10.3(B) shows a network with the same number of
nodes and arrows, but where the arrows have been placed at random. We see
that, in this random network, only one of the arrows is wired up in manner
consistent with autoregulation.

To determine whether autoregulation is found more prominently in our
hypothetical network shown in Figure 10.3(A) than in a randomly generated
network, we ask what is the probability that an arrow starting from a node is
directed towards that same node. Because we assume that all connections are
equally likely, each arrow coming out of a node will have N choices of nodes
to connect to, with only one of those choices leading to a self-interaction. As
a result, the probability of self-interaction will be given by

pself =
1

N
. (10.1)

Given this equation, we can think of the drawing of each arrow in our random
network as the result of flipping a very dishonest coin, with the probability of
“heads” (i.e. the self arrow) being 1/N . With probability pself , the arrow will
connect to the node it started from. Alternatively, with probability 1 � pself
it will connect to some other node in the network. Thus, since our random
network has A arrows, the average number of self-arrows is given by

hNself i = Apself =
A

N
. (10.2)

We can further explore the implications of this result by examining the vari-
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“real network”(A) (B) randomized network

N = 10 nodes
A = 14 arrows

Nself = 4 self-arrows

N = 10 nodes
A = 14 arrows

Nself = 1 self-arrow

Figure 10.3: Connections in real and random regulatory networks. (A) A hy-
pothetical network with a specific arrangement of connections leading to four
self-interacting arrows. (B) A random network with the same number of nodes
and arrows, but with only one self-interacting arrow. Adapted from U. Alon,
Principles of Systems Biology, CRC Press, Boca Raton, FL, 2020.

ance, harkening back to our earlier treatment of the binomial distribution to
count proteins. We already encountered the mathematics of coin flips in the
context of the protein counting method known as the dilution method pre-
sented in Section 4.5.1 (p. 281). Recall from that discussion that the counting
of fluorescent molecules is based upon measuring intensity fluctuations be-
tween two daughter cells after a cell division. That discussion showed us that
the variance is equal to the total number of trials. As a result, the standard
deviation in the number of self-interacting arrows in our random network will
be given by

�self =
p
variance =

q
hNself i =

r
A

N
. (10.3)

The E. coli regulatory network shown in Figure 10.2 has N = 424 nodes
and A = 519 arrows. Thus, we expect hNself i ⇡ 1.2 self-interacting arrows,
with a standard deviation of �self ⇡ 1.1. While these numbers can vary
slightly depending on the degree of the version of the regulatory network one
invokes from the database, these numbers should be compared to the 44 self-
interacting nodes that can be found in Figure 10.2. Thus, the autoregulatory
motif is extremely over-represented in comparison with the number of autoreg-
ulatory motifs one would find in a random network, further supporting the null
hypothesis that regulatory networks are structured for functional reasons.

The approach outlined in the estimate box above used to uncover the over-
representation of autoregulatory motifs can be also used to reveal the presence
of many other interesting motifs. One of the principal motifs discovered is the
so-called coherent type-1 feedforward motif shown in Figure 10.4. These feed-
forward motifs involve three genes which we label here as X, Y and Z connected
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Real  network: N= 44  
(~40 std compared to random network)

• Calculation from E.coli network: 
N=424, A=514
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Figure 10.2: E. coli gene regulatory network. Each four letter symbol rep-
resents an E. coli protein. The genes surrounded by ovals are transcription
factors and those in red are subject to autoregulation. The network features
activating (solid lines) and repressing (dotted lines) interactions. Adapted from
M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.

clearly emerges from even a cursory examination of this diagram is the broad
reach of certain transcription factors such as CRP which is shown at a middle
height on the right side of the figure. Indeed, this diagram reveals the distinction
between globally acting transcription factors such as CRP and others such as
the famed LacI that apparently act on only a single gene. The solid lines in the
figure indicate linkages in which the transcription factor activates some gene of
interest, while the dotted lines correspond to the opposite situation in which the
transcription factor represses some gene of interest. From a mathematical point
of view, such networks provide a hint that perhaps the tools of graph theory
to be undertaken in earnest in chap. 13 (p. 973) will be a powerful way to say
general things about the behavior of these networks.

Another key feature that emerged from the analysis of these regulatory net-
works was the widespread existence of certain connection patterns christened
regulatory motifs. Interestingly, some of these connection patterns between
genes appear in the network more often than expected if those connections
had been laid out randomly. In the box “Estimate: Self-Regulation Motifs in
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Figure 10.2: E. coli gene regulatory network. Each four letter symbol rep-
resents an E. coli protein. The genes surrounded by ovals are transcription
factors and those in red are subject to autoregulation. The network features
activating (solid lines) and repressing (dotted lines) interactions. Adapted from
M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.

clearly emerges from even a cursory examination of this diagram is the broad
reach of certain transcription factors such as CRP which is shown at a middle
height on the right side of the figure. Indeed, this diagram reveals the distinction
between globally acting transcription factors such as CRP and others such as
the famed LacI that apparently act on only a single gene. The solid lines in the
figure indicate linkages in which the transcription factor activates some gene of
interest, while the dotted lines correspond to the opposite situation in which the
transcription factor represses some gene of interest. From a mathematical point
of view, such networks provide a hint that perhaps the tools of graph theory
to be undertaken in earnest in chap. 13 (p. 973) will be a powerful way to say
general things about the behavior of these networks.

Another key feature that emerged from the analysis of these regulatory net-
works was the widespread existence of certain connection patterns christened
regulatory motifs. Interestingly, some of these connection patterns between
genes appear in the network more often than expected if those connections
had been laid out randomly. In the box “Estimate: Self-Regulation Motifs in
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Figure 10.2: E. coli gene regulatory network. Each four letter symbol rep-
resents an E. coli protein. The genes surrounded by ovals are transcription
factors and those in red are subject to autoregulation. The network features
activating (solid lines) and repressing (dotted lines) interactions. Adapted from
M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.

clearly emerges from even a cursory examination of this diagram is the broad
reach of certain transcription factors such as CRP which is shown at a middle
height on the right side of the figure. Indeed, this diagram reveals the distinction
between globally acting transcription factors such as CRP and others such as
the famed LacI that apparently act on only a single gene. The solid lines in the
figure indicate linkages in which the transcription factor activates some gene of
interest, while the dotted lines correspond to the opposite situation in which the
transcription factor represses some gene of interest. From a mathematical point
of view, such networks provide a hint that perhaps the tools of graph theory
to be undertaken in earnest in chap. 13 (p. 973) will be a powerful way to say
general things about the behavior of these networks.

Another key feature that emerged from the analysis of these regulatory net-
works was the widespread existence of certain connection patterns christened
regulatory motifs. Interestingly, some of these connection patterns between
genes appear in the network more often than expected if those connections
had been laid out randomly. In the box “Estimate: Self-Regulation Motifs in
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Figure 10.2: E. coli gene regulatory network. Each four letter symbol rep-
resents an E. coli protein. The genes surrounded by ovals are transcription
factors and those in red are subject to autoregulation. The network features
activating (solid lines) and repressing (dotted lines) interactions. Adapted from
M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.

clearly emerges from even a cursory examination of this diagram is the broad
reach of certain transcription factors such as CRP which is shown at a middle
height on the right side of the figure. Indeed, this diagram reveals the distinction
between globally acting transcription factors such as CRP and others such as
the famed LacI that apparently act on only a single gene. The solid lines in the
figure indicate linkages in which the transcription factor activates some gene of
interest, while the dotted lines correspond to the opposite situation in which the
transcription factor represses some gene of interest. From a mathematical point
of view, such networks provide a hint that perhaps the tools of graph theory
to be undertaken in earnest in chap. 13 (p. 973) will be a powerful way to say
general things about the behavior of these networks.

Another key feature that emerged from the analysis of these regulatory net-
works was the widespread existence of certain connection patterns christened
regulatory motifs. Interestingly, some of these connection patterns between
genes appear in the network more often than expected if those connections
had been laid out randomly. In the box “Estimate: Self-Regulation Motifs in
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Figure 10.2: E. coli gene regulatory network. Each four letter symbol rep-
resents an E. coli protein. The genes surrounded by ovals are transcription
factors and those in red are subject to autoregulation. The network features
activating (solid lines) and repressing (dotted lines) interactions. Adapted from
M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.

clearly emerges from even a cursory examination of this diagram is the broad
reach of certain transcription factors such as CRP which is shown at a middle
height on the right side of the figure. Indeed, this diagram reveals the distinction
between globally acting transcription factors such as CRP and others such as
the famed LacI that apparently act on only a single gene. The solid lines in the
figure indicate linkages in which the transcription factor activates some gene of
interest, while the dotted lines correspond to the opposite situation in which the
transcription factor represses some gene of interest. From a mathematical point
of view, such networks provide a hint that perhaps the tools of graph theory
to be undertaken in earnest in chap. 13 (p. 973) will be a powerful way to say
general things about the behavior of these networks.

Another key feature that emerged from the analysis of these regulatory net-
works was the widespread existence of certain connection patterns christened
regulatory motifs. Interestingly, some of these connection patterns between
genes appear in the network more often than expected if those connections
had been laid out randomly. In the box “Estimate: Self-Regulation Motifs in
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Figure 10.2: E. coli gene regulatory network. Each four letter symbol rep-
resents an E. coli protein. The genes surrounded by ovals are transcription
factors and those in red are subject to autoregulation. The network features
activating (solid lines) and repressing (dotted lines) interactions. Adapted from
M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.

clearly emerges from even a cursory examination of this diagram is the broad
reach of certain transcription factors such as CRP which is shown at a middle
height on the right side of the figure. Indeed, this diagram reveals the distinction
between globally acting transcription factors such as CRP and others such as
the famed LacI that apparently act on only a single gene. The solid lines in the
figure indicate linkages in which the transcription factor activates some gene of
interest, while the dotted lines correspond to the opposite situation in which the
transcription factor represses some gene of interest. From a mathematical point
of view, such networks provide a hint that perhaps the tools of graph theory
to be undertaken in earnest in chap. 13 (p. 973) will be a powerful way to say
general things about the behavior of these networks.

Another key feature that emerged from the analysis of these regulatory net-
works was the widespread existence of certain connection patterns christened
regulatory motifs. Interestingly, some of these connection patterns between
genes appear in the network more often than expected if those connections
had been laid out randomly. In the box “Estimate: Self-Regulation Motifs in

Hernan G. Garcia and Rob Phillips, Physical genomics

M. W. Covert, Fundamentals of Systems Biology: From Synthetic Circuits to
Whole-cell Models, CRC Press, 2014.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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1.3 ELEMENTS OF TRANSCRIPTION NETWORKS
!e interaction between transcription 
factors and genes is described by 
transcription networks. Let us begin 
by brie"y describing the elements of the 
network: genes and transcription factors. 
Each gene is a stretch of DNA whose 
sequence encodes the information needed 
for production of a protein. !e protein 
is produced in two steps, transcription and translation. First, the gene is copied into 
a disposable mRNA molecule by a protein machine called RNA polymerase (RNAp), 
a process called transcription. The 
mRNA is then translated into a protein 
(Figure 1.2).

!e rate at which the gene is transcribed, 
the number of mRNA produced per unit 
time, is controlled by a regulatory region 
of DNA that precedes the gene, called 
the promoter (Figure 1.2). RNAp binds 
a de$ned site (a speci$c DNA sequence) 
in the promoter (Figure 1.2). !e precise 
DNA sequence of this this site determines 
the chemical a%nity of RNAp to the 
promoter, and speci$es the transcription 
rate of the gene.

Whereas RNAp acts on all of the genes, 
changes in the expression of specific 
genes are due to transcription factors. 
Each transcription factor modulates 
the transcription rate of a set of target 
genes. Transcription factors a&ect the 
transcription rate by binding speci$c sites 
in the promoters of the regulated genes 
(Figures 1.3 and 1.4). When bound, they 
change the probability per unit time that 
RNAp binds the promoter and produces 
an mRNA molecule. !e transcription 
factors thus affect the rate at which 
RNAp initiates transcription of the gene. 
Transcription factors can act as activators 
that increase the transcription rate of a gene 
(Figure 1.3), or as repressors that reduce 
the transcription rate (Figure 1.4).
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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1.3.3  The Numbers on the Arrows: Input Functions
!e arrows not only have signs, but 
also carry numbers that correspond 
to the strength of the interaction. !e 
strength of the e"ect of a transcription 
factor on a target gene is described 
by an input function. Consider the 
production rate of protein Y controlled 
by a transcription factor X. When X 
regulates Y, represented in the network 
by X → Y, the number of molecules of 
protein Y produced per unit time is a 
function of the concentration of X in its 
active form, X*:

 rate of production of Y = f(X*) (1.3.1)

Typically, the input function f(X*) is a monotonic function. It is an increasing function 
when X is an activator (Figure 1.6) and a decreasing function when X is a repressor. A 
useful function that realistically describes many gene input functions is called the Hill 
function. !e Hill function can be derived from considering the equilibrium binding of 
the transcription factor to its site on the promoter (see Appendix A for further details). !e 
Hill input function for an activator is a curve that rises from zero and approaches a maximal 
saturated level (Figure 1.6):

 
f X X

K X
n

n n( *) ,=
+

β *
*

Hill function for an activator
 (1.3.2)

!e Hill function has three parameters, K, β and n. !e #rst parameter, K, is termed 
the activation coe!cient, and has units of concentration. It de#nes the concentration 
of active X needed to signi#cantly activate expression. From the equation it is easy to 
see that half-maximal expression is reached when X* = K (Figure 1.6). !e value of K is 
determined by the chemical a$nity between X and its binding site on the promoter, as 
well as additional factors. !e second parameter in the input function is the maximal 
promoter activity, β. Maximal activity is reached at high activator concentrations, 
X* ≫ K, because at high concentrations, X* binds the promoter with high probability 
and stimulates RNAp to produce many mRNAs per unit time. Finally, the Hill coe!cient 
n determines the steepness of the input function. !e larger n is, the more step-like 
the input function (Figure 1.6). Typically, input functions are moderately steep, with 
n = 1–4.

FIGURE 1.6 
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• Three parameters characterise the production (transcription) of Y as a function of X 
• K: Activation coefficient (M unit), defines the concentration at half production of Y 
• β: maximal promoter activity of Y gene 
• n: Hill coefficient, reflects cooperative effects (non-linearity) in the production of Y

Y= 

U. Alon. An introduction to systems biology. 2020
Design principles in biological networks (2nd edition, CRC Press)
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
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this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
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• Dynamics of response time. 
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1.4  DYNAMICS AND RESPONSE TIME OF SIMPLE REGULATION
We now turn to the dynamics of transcription networks. We begin with the dynamics 
of a single arrow in the network. Consider a gene that is regulated by a transcription 
factor with no additional inputs (or with all other inputs and post-transcriptional 
modes of regulation held constant over time2). This transcription interaction is 
described in the network by X → Y which reads “transcription factor X regulates gene 
Y.” Once X becomes activated by a signal, Y concentration begins to change. Let us 
calculate the!dynamics of the concentration of the gene product, the protein Y and its 
response!time.

In the absence of its input signal, transcription factor X is inactive and Y is not produced 
(Figure 1.3). When the signal Sx appears, X rapidly transits to its active form X* and binds 
the promoter of gene Y. Gene Y begins to be transcribed, and the mRNA is translated, 
resulting in accumulation of protein Y. "e cell produces protein Y at a rate β (units of 
concentration per unit time).

"e production of Y is balanced by two processes, protein degradation (its speci#c 
destruction by specialized proteins in the cell) and dilution (the reduction in concentration 
due to the increase of cell volume during growth). "e degradation rate is αdeg, and the 
dilution rate is αdil, giving a total removal rate (in units of 1/time) of

 α = αdil + αdeg (1.4.1)

"e change in the concentration of Y is due to the di$erence between its production and 
removal, as described by a dynamic equation3:

 dY dt Y/ = −β α  (1.4.2)

"e removal term in the equation αY is equal to the concentration Y times the probability 
per unit time that each protein Y is removed, α.

At steady state, Y reaches a constant concentration Yst. "e steady-state concentration 
can be found by solving for dY/dt = 0. "is shows that the steady-state concentration is the 
ratio of the production and removal rates:

 Yst = β α/  (1.4.3)

"is makes sense: the higher the production rate β, the higher the protein concentration 
reached, Yst. "e higher the removal rate α, the lower is Yst.

2 Proteins are potentially regulated at every step of their synthesis process, including the following post-transcriptional 
regulation interactions: (1) rate of degradation of the mRNA, (2) rate of translation, controlled primarily by sequences 
in the mRNA that bind the ribosomes and by mRNA-binding regulatory proteins and regulatory RNA molecules and 
(3)!rate of active and speci#c protein degradation. In eukaryotes, regulation also occurs on the level of mRNA splicing 
and transport in the cell. Other modes of regulation are possible.

3 "e time for transcription and translation of the protein (minutes) is neglected because it is small compared to the 
response time of the protein-level dynamics (tens of minutes) (Table 1.2).
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dilution due 
to cell growth

degradation

• At steady state: 
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2 Proteins are potentially regulated at every step of their synthesis process, including the following post-transcriptional 
regulation interactions: (1) rate of degradation of the mRNA, (2) rate of translation, controlled primarily by sequences 
in the mRNA that bind the ribosomes and by mRNA-binding regulatory proteins and regulatory RNA molecules and 
(3)!rate of active and speci#c protein degradation. In eukaryotes, regulation also occurs on the level of mRNA splicing 
and transport in the cell. Other modes of regulation are possible.

3 "e time for transcription and translation of the protein (minutes) is neglected because it is small compared to the 
response time of the protein-level dynamics (tens of minutes) (Table 1.2).
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What happens if we now take away the 
input signal, so that production of Y stops 
(β = 0)? !e solution of Equation 1.4.2 
with β = 0 is an exponential decay of Y 
concentration (Figure 1.10):

    Y(t) = Yst e−αt (1.4.4)

How fast does Y decay? An important 
measure for the speed at which Y levels 
change is the response time. !e response 
time, T1/2, is de#ned as the time to reach 
halfway between the initial and #nal levels 
in a dynamic process. For the decay process of Equation 1.4.4, the response time is the time 
to reach halfway down from the initial level, Yst, to the #nal level, Y = 0. !e response time 
is therefore given by solving for the time when Y(t) = Yst/2, which, using Equation 1.4.4, 
shows an inverse dependence on the removal rate:

 T1/2 = log(2)/α (1.4.5)

Note that the removal rate α directly determines the response time: fast removal allows 
rapid changes in concentration. !e production rate β a$ects the steady-state level but not 
the response time.

Some proteins show rapid degradation rates (large α). At steady state, this leads to a 
seemingly futile cycle of protein production and destruction. To maintain a given steady 
state, Yst = β/α, such proteins require high production rate β to balance the high degradation 
rate α. !e bene#t of such a futile cycle is fast response times once a change is needed.

We have seen that loss of input signal leads to an exponential decay of Y. Let us now 
consider the opposite case, in which an unstimulated cell with Y = 0 is provided with a 
signal, so that protein Y begins to accumulate. If an unstimulated gene becomes suddenly 
stimulated by a strong signal Sx, the dynamic equation, Equation 1.4.2, results in an 
approach to steady state (Figure 1.11)

 Y(t) = Yst (1 − e−αt) (1.4.6)

!e concentration of Y rises from zero and gradually converges on the steady state 
Yst = β/α. Note that at early times, when αt≪1, we can use a Taylor expansion4 to #nd a 
linear accumulation of Y with a slope equal to the production rate β (the tangent dashed 
line in Figure 1.11):

 Y = βt (1.4.7)

at early times, when αt≪1. Later, as Y levels increase, the degradation term –αY begins to 
be important and Y accumulation slows down as it converges to its steady-state level.

4 Using e−αt ∼ 1 – αt, and Yst = β/α.

FIGURE 1.10 
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!e response time, the time to reach 
Yst/2, can be found by solving for the time 
when Y(t) = Yst/2. Using Equation 1.4.6, 
we "nd the same response time as in the 
case of decay:

 T1/2 = log(2)/α (1.4.8)

!e response time for both increase and 
decrease in protein levels is the same and is 
governed only by the removal rate α. !e 
larger the removal rate α, the more rapid 
the response time.

1.4.1 The Response Time of Stable Proteins Is One Cell Generation
Many proteins are not actively degraded in growing cells (αdeg = 0). !ese are termed stable 
proteins. !e production of stable proteins is balanced by dilution due to the increasing 
volume of the growing cell, α = αdil. For such stable proteins, the response time is equal 
to one cell generation time. To see this, imagine that a cell produces a protein, and then 
suddenly production stops (β = 0). !e cell grows and, when it doubles its volume, splits 
into two cells. !us, a#er one cell generation time τ, the protein concentration has decreased 
by 50%, and therefore:

 T1/2 = log(2)/αdil = τ  response time is one cell generation (1.4.9)

!is is an interesting result. Bacterial cell generation times are on the order of 30 min to 
a few hours, and animal and plant cell generation times are typically a day or longer. One 
would expect that transcription networks that are made to react to signals such as nutrients 
and stresses should respond much more rapidly than the cell generation time, otherwise 
only the cell’s daughters can bene"t. But for stable proteins, the response time, as we saw, is 
one cell generation time. !us, response time can be a limiting factor that poses a constraint 
for designing e!cient gene circuits.

In the next chapter, we will discuss simple transcriptional circuits that can help speed 
the response time.

FURTHER READING
Dynamics of Gene Networks
(Monod, Pappenheimer and Cohen-Bazire, 1952) “!e kinetics of the biosynthesis of beta-

galactosidase in Escherichia coli as a function of growth.”
(Rosenfeld and Alon, 2003) “Response delays and the structure of transcription networks.”

Molecular Mechanisms of Transcriptional Regulation
(Ptashne, 1986) “A genetic switch.”
(Ptashne and Gann, 2002) “Genes and signals.”
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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negative autoregulatory circuit approaches its
steady-state value much faster than the non-auto-
regulatory circuit.

For both models, the rate of change of the con-
centration of the protein product x has been
described5,11 (see Table 2, and for more details see
also math primer†):

dxðtÞ
dt

¼ AðtÞ2 ax ð1Þ

with a production term A(t ) and a dilution/degra-
dation term 2ax. For a long lived gene product,

the latter accounts for the dilution of the protein
when the cells grow and divide, with a cell-cycle
time of t, where a ¼ ln(2)/t. In order to study the
kinetics of induction we will examine cases where
the initial protein concentration of zero.

We define the rise-time tr as the time required for
a gene product to reach half of its steady-state
concentration, xðtrÞ ¼ xst=2:

Kinetics of a simple transcription unit

For a simple transcription unit with a constant
rate of production A1 ¼ b1, the steady-state
concentration is:

xst1 ¼ b1=a ð2Þ

Table 1. Transcription factors in E. coli that repress their
own transcription (negative autorgulation, also termed
autogenous control)2

Negatively
autoregulating
transcription
factors

Additional
transcription
regulation Function

AraC Crp Arabinose utilization
ArgR Arginine biosynthesis
Crp Catabolite repression, global

regulator
CysB Cysteine biosynthesis
DsdC Regulator of D-serine

dehydratase
EmrRAB Multidrug resistance pump
ExuR Carbon utilization
Fis rRNA and tRNA operons and

DNA replication
Fnr Aerobic, anaerobic respiration,

osmotic balance
Fur Crp Iron transport
GalS GalR Galactose utilization
GcvA Cleavage of glycine
GlnA Crp, RpoN Glutamine synthesis
Hns Global regulator
Ihf Integration host factor, global

regulator
IlvY Isoleucine and valine synthesis
LexA SOS DNA repair
Lrp Leucine response, amino acid

limitation, global regulator
LysR Lysine biosynthesis
MarA Rob Multiple antibiotic resistance
ModE Molybdate transport
MtlADR Mannitol utilization
Nac RpoN Histidine utilization/nitrogen

assimilation
NadR NAD biosynthesis, other roles
NagC Crp Repressor of genes for

catabolic enzymes
OxyR Oxidative stress
PhdR Fis Activator of hca cluster, other

roles
PurR Purine biosynthesis
PutAP Nac Proline synthesis, other roles
RpiR Ribose catabolism
SoxS SoxR Superoxide stress
SrlA-D Glucitol/sorbitol utilization
TrpR Tryptophan biosynthesis
UxuABR ExuR Mannonate utilization

Several of these operons have additional transcription factor
inputs.

 

Figure 1. Synthetic transcription circuits. (a) Simple
transcription unit (open loop, Dh5a þ pZS12-tetR þ
pZE21-gfp). Cells expressing TetR can be induced, by
adding aTc to the medium, to produce GFP. (b) Negative
autoregulation (Dh5a þ pZSp21tetR-egfp4): the tet pro-
moter controls the production of its repressor, TetR
fused to GFP. The TetR–GFP fusion protein represses its
own promoter.4

Table 2. Variables and parameters used in the models

Description

xðtÞ Protein concentration in cells
AðtÞ Protein production rate
t Cell-cycle time
a Growth rate a ¼ ln(2)/t
b Protein production rate from the fully induced

promoter
b1, x1ðtÞ Subscript 1 indicates the simple transcription unit
b2, x2ðtÞ Subscript 2 indicates the negatively autoregulated

circuit
b/a Steady-state protein concentration from fully

induced promoter
k Dissociation constant of the repressor to its own

promoter
†http://www.weizmann.ac.il/mcb/UriAlon/
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As we saw in the previous chapter, the dynamics of X are described by its production 
rate f(X) and removal rate α:

 
dX
dt f X X= −( ) α

 
(2.4.1)

where f(X) is a decreasing function of X.1 As mentioned in Chapter 1, a good approximation 
for many promoters is a decreasing Hill function:

 
f X K

K X
n

n n( ) =
+

β
 

(2.4.2)

In this input function, when X is much smaller than the repression coe!cient K, the 
promoter is free and the production rate reaches its maximal value, β. On the other hand, 
when repressor X is at high concentration, no transcription occurs, f(X) ∼ 0. "e repression 
coe!cient K has units of concentration, and equals the concentration at which X represses 
the promoter activity by 50%.

To solve the dynamics in the most intuitive way, let’s use the logic approximation, where 
production is zero if X > K, and production is maximal, namely, f(X) = β, when X is smaller 
than K. "is was described in Chapter 1.3.4 using the step function θ:

 f X X K( ) ( )= <βθ  (2.4.3)

In Exercise 2.3, we will also solve the dynamics with a Hill function, to #nd that the logic 
approximation is reasonable.

To study the response time, consider the case where X is initially absent, and its production 
starts at t = 0. At early times, while X concentration is low, the promoter is unrepressed 
and production is full-steam at rate β, as described by the production-removal equation:

 
dX
dt X X K= − <β α while

 
(2.4.4)

1 To understand the dynamics of a negatively autoregulated system, recall the separation of timescales in transcription 
networks. "e production rate of X is governed by the probability that X binds the promoter of its own gene. "e binding 
and unbinding of X to the promoter reaches equilibrium on the timescale of seconds. "e concentration of protein X, on 
the other hand, changes much more slowly, on the timescale of hours. "erefore, it makes sense to describe the production 
rate by an input function, f(X), equal to the mean promoter activity at a given level of X, averaged over many repressor 
binding events.

A AX X
K

Simple regulation Negative autoregulation

FIGURE 2.3 
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due to an inherent source of noise: the production rates 
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Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.

R E V I E W S

NATURE REVIEWS | GENETICS  VOLUME 8 | JUNE 2007 | 451

U. Alon Nature Genetics 8, 450-461 (2007)



Thomas LECUIT   2025-2026

Autoregulation   ◾   25

As we saw in the previous chapter, the dynamics of X are described by its production 
rate f(X) and removal rate α:

 
dX
dt f X X= −( ) α

 
(2.4.1)

where f(X) is a decreasing function of X.1 As mentioned in Chapter 1, a good approximation 
for many promoters is a decreasing Hill function:

 
f X K

K X
n

n n( ) =
+

β
 

(2.4.2)

In this input function, when X is much smaller than the repression coe!cient K, the 
promoter is free and the production rate reaches its maximal value, β. On the other hand, 
when repressor X is at high concentration, no transcription occurs, f(X) ∼ 0. "e repression 
coe!cient K has units of concentration, and equals the concentration at which X represses 
the promoter activity by 50%.

To solve the dynamics in the most intuitive way, let’s use the logic approximation, where 
production is zero if X > K, and production is maximal, namely, f(X) = β, when X is smaller 
than K. "is was described in Chapter 1.3.4 using the step function θ:

 f X X K( ) ( )= <βθ  (2.4.3)

In Exercise 2.3, we will also solve the dynamics with a Hill function, to #nd that the logic 
approximation is reasonable.

To study the response time, consider the case where X is initially absent, and its production 
starts at t = 0. At early times, while X concentration is low, the promoter is unrepressed 
and production is full-steam at rate β, as described by the production-removal equation:

 
dX
dt X X K= − <β α while

 
(2.4.4)

1 To understand the dynamics of a negatively autoregulated system, recall the separation of timescales in transcription 
networks. "e production rate of X is governed by the probability that X binds the promoter of its own gene. "e binding 
and unbinding of X to the promoter reaches equilibrium on the timescale of seconds. "e concentration of protein X, on 
the other hand, changes much more slowly, on the timescale of hours. "erefore, it makes sense to describe the production 
rate by an input function, f(X), equal to the mean promoter activity at a given level of X, averaged over many repressor 
binding events.
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production is zero if X > K, and production is maximal, namely, f(X) = β, when X is smaller 
than K. "is was described in Chapter 1.3.4 using the step function θ:
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In Exercise 2.3, we will also solve the dynamics with a Hill function, to #nd that the logic 
approximation is reasonable.

To study the response time, consider the case where X is initially absent, and its production 
starts at t = 0. At early times, while X concentration is low, the promoter is unrepressed 
and production is full-steam at rate β, as described by the production-removal equation:
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!is results in an approach to a high 
steady-state value, as described in Section 1.4 
of the previous chapter. At early times, in 
fact, we can neglect removal (αX ≪ β) to 
#nd a linear accumulation of X with time:

X t t X K X( ) ∼ β β α while  and /< <<  
(2.4.5)

However, production stops when X 
levels reach the self-repression threshold, 
X = K, because production is zero when X 
exceeds  K (Figure 2.4). Small oscillations 
will occur around X = K if there are delays 
in the system. Delays cause X to overshoot 
beyond K slightly, but then production stops 
and X levels decline until they decrease 
below K, upon which production starts again, and so on. !ese oscillations are generally 
damped for realistic f(X) unless delays are very long. !us, X e$ectively locks into a steady-
state level equal to the repression coe%cient of its own promoter:

 X Kst =  (2.4.6)

!e resulting dynamics shows a rapid rise and a sudden saturation, as shown in 
Figure 2.5.

!e response time, T1/2, can be found by 
asking when X reaches halfway to steady 
state. For simplicity, let us calculate the 
response time using linear accumulation 
of X (Equation 2.4.5), in which X = βt. !e 
response time, TNAR

1 2/ , where NAR stands for 
negative autoregulation, is the time when 
X reaches half of the steady-state level, 
βT X KNAR st

1 2 2 2/ = = , so that:

 T KNAR
1 2 2/ /= β  (2.4.7)

!e stronger the maximal unrepressed 
promoter activity β, the shorter the response 
time. Negative autoregulation can therefore 
use a strong promoter to give an initial fast 
production, and then use autorepression to 
stop production at the desired steady state.
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levels reach the self-repression threshold, 
X = K, because production is zero when X 
exceeds  K (Figure 2.4). Small oscillations 
will occur around X = K if there are delays 
in the system. Delays cause X to overshoot 
beyond K slightly, but then production stops 
and X levels decline until they decrease 
below K, upon which production starts again, and so on. !ese oscillations are generally 
damped for realistic f(X) unless delays are very long. !us, X e$ectively locks into a steady-
state level equal to the repression coe%cient of its own promoter:
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Figure 2.5.

!e response time, T1/2, can be found by 
asking when X reaches halfway to steady 
state. For simplicity, let us calculate the 
response time using linear accumulation 
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Note that evolutionary selection can easily tune the parameters β and K independently. 
!e repression threshold K can be modi"ed, for example, by mutations in the binding site 
of X, whereas β can be tuned by mutations in the binding site of RNAp in the promoter. 
!us, the steady state (Xst = K) and the response time can be separately determined.

Let us compare this design with a simply regulated gene (a gene without negative 
autoregulation, as described in Section 1.4), which is produced at rate βsimple and removed 
at rate αsimple. To make a fair comparison, we should compare the two designs with the 
same steady-state levels. !is is because the steady-state level of the protein is important 
for its optimal function. To achieve the same steady state, we must compensate for the 
repressive e#ect of NAR by providing it with a stronger promoter activity β than in simple 
regulation. In addition, the two designs should have as many of the same biochemical 
parameters as possible. For example, the two designs should have the same protein removal 
rate, α = αsimple. Such a fair comparison between biological circuits was called by Michael 
Savageau a mathematically controlled comparison (Savageau, 1976).

For a mathematically controlled comparison, we set K so that both designs reach the same 
steady-state expression level. Using the fact that in simple regulation Xst = βsimple/αsimple 
(Equation 1.4.3) and in NAR Xst = K (Equation 2.4.6), equal steady state in the two circuits 
occurs when

 K = β αsimple simple/  (2.4.8)

What is the response time of the two designs? !e response time of simple regulation is 
governed by the removal rate as described in Chapter 1, so that T1 2 2/ log( )/simple

simple= α . A$much 
faster response can be achieved by the corresponding negative autoregulated circuit by 
making the promoter activity β large, because the response time, T K1 2 2/ /NAR = β , is inversely 
proportional to β. Using Equation 2.4.8, we "nd that the ratio of the response times in the 
two designs can be made very small by making NAR have much stronger promoter activity 
than simple regulation:

   
T
T

1 2

1 2

1
2 2

/

/ log( )
NAR

simple
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β
β   

(2.4.9)

An example is shown in Figure 2.5, in 
which the response time of the negative 
autoregulation design is about sevenfold 
faster than simple regulation. !e intuitive 
reason for speedup is that NAR uses a 
strong promoter for a fast-initial rise, 
and then stops itself at the desired steady 
state K. Simple regulation with the same 
strong promoter would reach a steady state 
that is far too high, causing undesirable 

FIGURE 2.6 Adapted from (Rosenfeld, Elowitz 
and Alon, 2002).

• Acceleration of Response time

U. Alon. An introduction to systems biology. CRC Press (2020)

K : concentration at which X represses at 50%

For same steady state value Xst 
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two designs can be made very small by making NAR have much stronger promoter activity 
than simple regulation:
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An example is shown in Figure 2.5, in 
which the response time of the negative 
autoregulation design is about sevenfold 
faster than simple regulation. !e intuitive 
reason for speedup is that NAR uses a 
strong promoter for a fast-initial rise, 
and then stops itself at the desired steady 
state K. Simple regulation with the same 
strong promoter would reach a steady state 
that is far too high, causing undesirable 

FIGURE 2.6 Adapted from (Rosenfeld, Elowitz 
and Alon, 2002).
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negative autoregulatory circuit approaches its
steady-state value much faster than the non-auto-
regulatory circuit.

For both models, the rate of change of the con-
centration of the protein product x has been
described5,11 (see Table 2, and for more details see
also math primer†):

dxðtÞ
dt

¼ AðtÞ2 ax ð1Þ

with a production term A(t ) and a dilution/degra-
dation term 2ax. For a long lived gene product,

the latter accounts for the dilution of the protein
when the cells grow and divide, with a cell-cycle
time of t, where a ¼ ln(2)/t. In order to study the
kinetics of induction we will examine cases where
the initial protein concentration of zero.

We define the rise-time tr as the time required for
a gene product to reach half of its steady-state
concentration, xðtrÞ ¼ xst=2:

Kinetics of a simple transcription unit

For a simple transcription unit with a constant
rate of production A1 ¼ b1, the steady-state
concentration is:

xst1 ¼ b1=a ð2Þ

Table 1. Transcription factors in E. coli that repress their
own transcription (negative autorgulation, also termed
autogenous control)2

Negatively
autoregulating
transcription
factors

Additional
transcription
regulation Function

AraC Crp Arabinose utilization
ArgR Arginine biosynthesis
Crp Catabolite repression, global

regulator
CysB Cysteine biosynthesis
DsdC Regulator of D-serine

dehydratase
EmrRAB Multidrug resistance pump
ExuR Carbon utilization
Fis rRNA and tRNA operons and

DNA replication
Fnr Aerobic, anaerobic respiration,

osmotic balance
Fur Crp Iron transport
GalS GalR Galactose utilization
GcvA Cleavage of glycine
GlnA Crp, RpoN Glutamine synthesis
Hns Global regulator
Ihf Integration host factor, global

regulator
IlvY Isoleucine and valine synthesis
LexA SOS DNA repair
Lrp Leucine response, amino acid

limitation, global regulator
LysR Lysine biosynthesis
MarA Rob Multiple antibiotic resistance
ModE Molybdate transport
MtlADR Mannitol utilization
Nac RpoN Histidine utilization/nitrogen

assimilation
NadR NAD biosynthesis, other roles
NagC Crp Repressor of genes for

catabolic enzymes
OxyR Oxidative stress
PhdR Fis Activator of hca cluster, other

roles
PurR Purine biosynthesis
PutAP Nac Proline synthesis, other roles
RpiR Ribose catabolism
SoxS SoxR Superoxide stress
SrlA-D Glucitol/sorbitol utilization
TrpR Tryptophan biosynthesis
UxuABR ExuR Mannonate utilization

Several of these operons have additional transcription factor
inputs.

 

Figure 1. Synthetic transcription circuits. (a) Simple
transcription unit (open loop, Dh5a þ pZS12-tetR þ
pZE21-gfp). Cells expressing TetR can be induced, by
adding aTc to the medium, to produce GFP. (b) Negative
autoregulation (Dh5a þ pZSp21tetR-egfp4): the tet pro-
moter controls the production of its repressor, TetR
fused to GFP. The TetR–GFP fusion protein represses its
own promoter.4

Table 2. Variables and parameters used in the models

Description

xðtÞ Protein concentration in cells
AðtÞ Protein production rate
t Cell-cycle time
a Growth rate a ¼ ln(2)/t
b Protein production rate from the fully induced

promoter
b1, x1ðtÞ Subscript 1 indicates the simple transcription unit
b2, x2ðtÞ Subscript 2 indicates the negatively autoregulated

circuit
b/a Steady-state protein concentration from fully

induced promoter
k Dissociation constant of the repressor to its own

promoter
†http://www.weizmann.ac.il/mcb/UriAlon/
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Note that evolutionary selection can easily tune the parameters β and K independently. 
!e repression threshold K can be modi"ed, for example, by mutations in the binding site 
of X, whereas β can be tuned by mutations in the binding site of RNAp in the promoter. 
!us, the steady state (Xst = K) and the response time can be separately determined.

Let us compare this design with a simply regulated gene (a gene without negative 
autoregulation, as described in Section 1.4), which is produced at rate βsimple and removed 
at rate αsimple. To make a fair comparison, we should compare the two designs with the 
same steady-state levels. !is is because the steady-state level of the protein is important 
for its optimal function. To achieve the same steady state, we must compensate for the 
repressive e#ect of NAR by providing it with a stronger promoter activity β than in simple 
regulation. In addition, the two designs should have as many of the same biochemical 
parameters as possible. For example, the two designs should have the same protein removal 
rate, α = αsimple. Such a fair comparison between biological circuits was called by Michael 
Savageau a mathematically controlled comparison (Savageau, 1976).

For a mathematically controlled comparison, we set K so that both designs reach the same 
steady-state expression level. Using the fact that in simple regulation Xst = βsimple/αsimple 
(Equation 1.4.3) and in NAR Xst = K (Equation 2.4.6), equal steady state in the two circuits 
occurs when

 K = β αsimple simple/  (2.4.8)

What is the response time of the two designs? !e response time of simple regulation is 
governed by the removal rate as described in Chapter 1, so that T1 2 2/ log( )/simple

simple= α . A$much 
faster response can be achieved by the corresponding negative autoregulated circuit by 
making the promoter activity β large, because the response time, T K1 2 2/ /NAR = β , is inversely 
proportional to β. Using Equation 2.4.8, we "nd that the ratio of the response times in the 
two designs can be made very small by making NAR have much stronger promoter activity 
than simple regulation:
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An example is shown in Figure 2.5, in 
which the response time of the negative 
autoregulation design is about sevenfold 
faster than simple regulation. !e intuitive 
reason for speedup is that NAR uses a 
strong promoter for a fast-initial rise, 
and then stops itself at the desired steady 
state K. Simple regulation with the same 
strong promoter would reach a steady state 
that is far too high, causing undesirable 

FIGURE 2.6 Adapted from (Rosenfeld, Elowitz 
and Alon, 2002).
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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over-expression of the gene product. !us, you can be a fast driver if you have a strong motor 
and good breaks. !e accelerated response of a negative autoregulatory circuit compared to 
simple regulation was experimentally demonstrated using high-resolution gene expression 
measurements (Figure 2.6, experiments are in full lines, and theory in dashed lines).

2.4.1  Rate Analysis Shows Speedup for Any Repressive Input Function f(X)
Speedup is also found when using Hill 
input functions instead of a step function. 
In fact, any shape of the input function 
f(X), as long as it is a decreasing function of 
X, causes speedup in NAR. To see this, we 
introduce a useful tool for understanding 
circuits called the rate plot. Consider #rst 
simple regulation, dX/dt = β − αX. In the 
rate plot, we plot the rates of production β 
and removal αX as a function of protein 
level X (Figure 2.7).

!e #rst thing to notice is the value of 
X at which these two lines cross. At this 
point, production equals removal, and 
hence X levels don’t change (dX/dt = 0). 
!is is called a !xed point of the equation, 
namely the steady-state value (Xst = β/α).

!e rate plot can show us that this #xed 
point is globally stable: any value of X 
$ows back to the #xed point. To see this, 
note that when X is higher than the #xed 
point, the removal curve is higher than 
the production curve. Hence, more X is 
removed than is produced, and X shrinks 
back to the #xed point. Similarly, when X 
is lower than the #xed point, production 
exceeds removal and X grows. X stops 
changing when it reaches the #xed point, 
its steady-state value Xst.

Now let’s consider the response time. 
!e speed at which X approaches the #xed 
point is given by the distance between 
the two curves, because the speed is the 
temporal derivative dX/dt = production − 
removal (Figure 2.8).

Now let’s do the mathematically 
controlled comparison with NAR 

Production = β

X
Xst

rates

Distance = 
Speed of 

change in X

FIGURE 2.8 

FIGURE 2.7 
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• Simple regulation (SR):  
Rate plot identifies a unique fixed point 
the rate of approach to steady state is set by  
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As we saw in the previous chapter, the dynamics of X are described by its production 
rate f(X) and removal rate α:

 
dX
dt f X X= −( ) α

 
(2.4.1)

where f(X) is a decreasing function of X.1 As mentioned in Chapter 1, a good approximation 
for many promoters is a decreasing Hill function:

 
f X K

K X
n

n n( ) =
+

β
 

(2.4.2)

In this input function, when X is much smaller than the repression coe!cient K, the 
promoter is free and the production rate reaches its maximal value, β. On the other hand, 
when repressor X is at high concentration, no transcription occurs, f(X) ∼ 0. "e repression 
coe!cient K has units of concentration, and equals the concentration at which X represses 
the promoter activity by 50%.

To solve the dynamics in the most intuitive way, let’s use the logic approximation, where 
production is zero if X > K, and production is maximal, namely, f(X) = β, when X is smaller 
than K. "is was described in Chapter 1.3.4 using the step function θ:

 f X X K( ) ( )= <βθ  (2.4.3)

In Exercise 2.3, we will also solve the dynamics with a Hill function, to #nd that the logic 
approximation is reasonable.

To study the response time, consider the case where X is initially absent, and its production 
starts at t = 0. At early times, while X concentration is low, the promoter is unrepressed 
and production is full-steam at rate β, as described by the production-removal equation:

 
dX
dt X X K= − <β α while

 
(2.4.4)

1 To understand the dynamics of a negatively autoregulated system, recall the separation of timescales in transcription 
networks. "e production rate of X is governed by the probability that X binds the promoter of its own gene. "e binding 
and unbinding of X to the promoter reaches equilibrium on the timescale of seconds. "e concentration of protein X, on 
the other hand, changes much more slowly, on the timescale of hours. "erefore, it makes sense to describe the production 
rate by an input function, f(X), equal to the mean promoter activity at a given level of X, averaged over many repressor 
binding events.
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As we saw in the previous chapter, the dynamics of X are described by its production 
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(Figure! 2.9). We want the removal rate 
α to be the same in the two circuits, so 
the removal curve αX is the same. We 
also want the steady state, Xst, to be the 
same, so the production curve f(X) must 
cross the removal curve at the same point 
as in simple regulation. We know that 
f(X) is a decreasing function (negative 
autoregulation). "e only way it can cross 
the removal line at the desired point is 
if it starts above the simple regulation 
production curve, crosses it at Xst and then 
drops below it. Due to this geometry, no 
matter what the exact shape of f(X) is, we 
see that the distance between production 
and removal curves in NAR is bigger than 
in simple regulation. "us, no matter what 
f(X) is, protein level X will move faster to the #xed point (Figure 2.9). NAR speeds responses.

2.5  NEGATIVE AUTOREGULATION PROMOTES ROBUSTNESS 
TO FLUCTUATIONS IN PRODUCTION RATE

In addition to speeding the response time, negative autoregulation confers a second 
important bene#t. "is bene#t is the increased robustness of the steady-state 
expression level with respect to $uctuations in the production rate β. "is property 
was experimentally!demonstrated using measurements of protein levels in individual 
cells (Becskel and Serrano, 2000). "e production rate of a given gene, β, $uctuates 
over time due to variations in the metabolic capacity of the cell and its regulatory 
systems (see Appendix D). "ese cell–cell di%erences in β are typically on the order of 
tens of percents,!and last over the entire generation time of the cells. "us, a snapshot 
of genetically identical cells grown under identical conditions will show cell–cell 
di%erences! in the expression of every protein. Noise is an unavoidable property of 
biological material.

Simple gene regulation is a%ected quite strongly by $uctuations in production rate β. "e 
steady-state level is linearly dependent on the production rate:

 Xst = β α/  (2.5.1)

and therefore, a change in β leads to a proportional change in Xst. In contrast, negative 
autoregulation bu%ers $uctuations in the production rate. In the case of the sharp (step-
like) autorepression that we have discussed, the steady-state level does not depend on β at 
all, and depends only on the repression threshold of X for its own promoter:

 X Kst =  (2.5.2)
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As we saw in the previous chapter, the dynamics of X are described by its production 
rate f(X) and removal rate α:

 
dX
dt f X X= −( ) α

 
(2.4.1)

where f(X) is a decreasing function of X.1 As mentioned in Chapter 1, a good approximation 
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In this input function, when X is much smaller than the repression coe!cient K, the 
promoter is free and the production rate reaches its maximal value, β. On the other hand, 
when repressor X is at high concentration, no transcription occurs, f(X) ∼ 0. "e repression 
coe!cient K has units of concentration, and equals the concentration at which X represses 
the promoter activity by 50%.

To solve the dynamics in the most intuitive way, let’s use the logic approximation, where 
production is zero if X > K, and production is maximal, namely, f(X) = β, when X is smaller 
than K. "is was described in Chapter 1.3.4 using the step function θ:
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To study the response time, consider the case where X is initially absent, and its production 
starts at t = 0. At early times, while X concentration is low, the promoter is unrepressed 
and production is full-steam at rate β, as described by the production-removal equation:
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1 To understand the dynamics of a negatively autoregulated system, recall the separation of timescales in transcription 
networks. "e production rate of X is governed by the probability that X binds the promoter of its own gene. "e binding 
and unbinding of X to the promoter reaches equilibrium on the timescale of seconds. "e concentration of protein X, on 
the other hand, changes much more slowly, on the timescale of hours. "erefore, it makes sense to describe the production 
rate by an input function, f(X), equal to the mean promoter activity at a given level of X, averaged over many repressor 
binding events.
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over-expression of the gene product. !us, you can be a fast driver if you have a strong motor 
and good breaks. !e accelerated response of a negative autoregulatory circuit compared to 
simple regulation was experimentally demonstrated using high-resolution gene expression 
measurements (Figure 2.6, experiments are in full lines, and theory in dashed lines).

2.4.1  Rate Analysis Shows Speedup for Any Repressive Input Function f(X)
Speedup is also found when using Hill 
input functions instead of a step function. 
In fact, any shape of the input function 
f(X), as long as it is a decreasing function of 
X, causes speedup in NAR. To see this, we 
introduce a useful tool for understanding 
circuits called the rate plot. Consider #rst 
simple regulation, dX/dt = β − αX. In the 
rate plot, we plot the rates of production β 
and removal αX as a function of protein 
level X (Figure 2.7).

!e #rst thing to notice is the value of 
X at which these two lines cross. At this 
point, production equals removal, and 
hence X levels don’t change (dX/dt = 0). 
!is is called a !xed point of the equation, 
namely the steady-state value (Xst = β/α).

!e rate plot can show us that this #xed 
point is globally stable: any value of X 
$ows back to the #xed point. To see this, 
note that when X is higher than the #xed 
point, the removal curve is higher than 
the production curve. Hence, more X is 
removed than is produced, and X shrinks 
back to the #xed point. Similarly, when X 
is lower than the #xed point, production 
exceeds removal and X grows. X stops 
changing when it reaches the #xed point, 
its steady-state value Xst.

Now let’s consider the response time. 
!e speed at which X approaches the #xed 
point is given by the distance between 
the two curves, because the speed is the 
temporal derivative dX/dt = production − 
removal (Figure 2.8).

Now let’s do the mathematically 
controlled comparison with NAR 

Production = β

X
Xst

rates

Distance = 
Speed of 

change in X

FIGURE 2.8 

FIGURE 2.7 

• More general case where f is any decreasing function of X
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Negative auto-regulation (NAR)

• Robustness to production rate and degradation & dilution/growth rate 

• For simple regulation SR, great sensitivity to promoter strength (     ) since steady state value is 
   (Moreover the metabolic activity in E. coli has strong impact on promoter strength      ) 
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1.4  DYNAMICS AND RESPONSE TIME OF SIMPLE REGULATION
We now turn to the dynamics of transcription networks. We begin with the dynamics 
of a single arrow in the network. Consider a gene that is regulated by a transcription 
factor with no additional inputs (or with all other inputs and post-transcriptional 
modes of regulation held constant over time2). This transcription interaction is 
described in the network by X → Y which reads “transcription factor X regulates gene 
Y.” Once X becomes activated by a signal, Y concentration begins to change. Let us 
calculate the!dynamics of the concentration of the gene product, the protein Y and its 
response!time.

In the absence of its input signal, transcription factor X is inactive and Y is not produced 
(Figure 1.3). When the signal Sx appears, X rapidly transits to its active form X* and binds 
the promoter of gene Y. Gene Y begins to be transcribed, and the mRNA is translated, 
resulting in accumulation of protein Y. "e cell produces protein Y at a rate β (units of 
concentration per unit time).

"e production of Y is balanced by two processes, protein degradation (its speci#c 
destruction by specialized proteins in the cell) and dilution (the reduction in concentration 
due to the increase of cell volume during growth). "e degradation rate is αdeg, and the 
dilution rate is αdil, giving a total removal rate (in units of 1/time) of

 α = αdil + αdeg (1.4.1)

"e change in the concentration of Y is due to the di$erence between its production and 
removal, as described by a dynamic equation3:

 dY dt Y/ = −β α  (1.4.2)

"e removal term in the equation αY is equal to the concentration Y times the probability 
per unit time that each protein Y is removed, α.

At steady state, Y reaches a constant concentration Yst. "e steady-state concentration 
can be found by solving for dY/dt = 0. "is shows that the steady-state concentration is the 
ratio of the production and removal rates:

 Yst = β α/  (1.4.3)

"is makes sense: the higher the production rate β, the higher the protein concentration 
reached, Yst. "e higher the removal rate α, the lower is Yst.

2 Proteins are potentially regulated at every step of their synthesis process, including the following post-transcriptional 
regulation interactions: (1) rate of degradation of the mRNA, (2) rate of translation, controlled primarily by sequences 
in the mRNA that bind the ribosomes and by mRNA-binding regulatory proteins and regulatory RNA molecules and 
(3)!rate of active and speci#c protein degradation. In eukaryotes, regulation also occurs on the level of mRNA splicing 
and transport in the cell. Other modes of regulation are possible.

3 "e time for transcription and translation of the protein (minutes) is neglected because it is small compared to the 
response time of the protein-level dynamics (tens of minutes) (Table 1.2).

Transcription Networks   ◾   13

1.4  DYNAMICS AND RESPONSE TIME OF SIMPLE REGULATION
We now turn to the dynamics of transcription networks. We begin with the dynamics 
of a single arrow in the network. Consider a gene that is regulated by a transcription 
factor with no additional inputs (or with all other inputs and post-transcriptional 
modes of regulation held constant over time2). This transcription interaction is 
described in the network by X → Y which reads “transcription factor X regulates gene 
Y.” Once X becomes activated by a signal, Y concentration begins to change. Let us 
calculate the!dynamics of the concentration of the gene product, the protein Y and its 
response!time.

In the absence of its input signal, transcription factor X is inactive and Y is not produced 
(Figure 1.3). When the signal Sx appears, X rapidly transits to its active form X* and binds 
the promoter of gene Y. Gene Y begins to be transcribed, and the mRNA is translated, 
resulting in accumulation of protein Y. "e cell produces protein Y at a rate β (units of 
concentration per unit time).

"e production of Y is balanced by two processes, protein degradation (its speci#c 
destruction by specialized proteins in the cell) and dilution (the reduction in concentration 
due to the increase of cell volume during growth). "e degradation rate is αdeg, and the 
dilution rate is αdil, giving a total removal rate (in units of 1/time) of

 α = αdil + αdeg (1.4.1)

"e change in the concentration of Y is due to the di$erence between its production and 
removal, as described by a dynamic equation3:

 dY dt Y/ = −β α  (1.4.2)

"e removal term in the equation αY is equal to the concentration Y times the probability 
per unit time that each protein Y is removed, α.

At steady state, Y reaches a constant concentration Yst. "e steady-state concentration 
can be found by solving for dY/dt = 0. "is shows that the steady-state concentration is the 
ratio of the production and removal rates:

 Yst = β α/  (1.4.3)

"is makes sense: the higher the production rate β, the higher the protein concentration 
reached, Yst. "e higher the removal rate α, the lower is Yst.

2 Proteins are potentially regulated at every step of their synthesis process, including the following post-transcriptional 
regulation interactions: (1) rate of degradation of the mRNA, (2) rate of translation, controlled primarily by sequences 
in the mRNA that bind the ribosomes and by mRNA-binding regulatory proteins and regulatory RNA molecules and 
(3)!rate of active and speci#c protein degradation. In eukaryotes, regulation also occurs on the level of mRNA splicing 
and transport in the cell. Other modes of regulation are possible.

3 "e time for transcription and translation of the protein (minutes) is neglected because it is small compared to the 
response time of the protein-level dynamics (tens of minutes) (Table 1.2).

30   ◾   An Introduction to Systems Biology

!e repression threshold K is determined 
by hardwired factors such as the chemical 
bonds between X and its DNA site. Such 
parameters vary much less from cell to cell 
than production rates.

Moreover, NAR can make the steady-state 
robust to changes in removal rate α, such as 
those that occur when the growth rate of the 
cells changes. Removal rate a"ects the steady 
state in simple regulation quite strongly, as 
can be seen in the rate plot of Figure 2.10. 
In contrast, NAR with a steep regulation 
function has a steady state that depends 
only weakly on α, making protein levels 
less sensitive to changes in cell growth rate 
(Figure 2.11). !is robustness to growth rate 
was experimentally demonstrated by Klumpp, 
Zhang and Hwa (2009). It is useful for making 
synthetic circuits in cells that can achieve a 
well-de#ned protein level (Shimoga et$al., 2013).

Robustness of key properties of a biological 
system is a general design principle. We will 
study robustness in more depth in Part 2 of 
this book.

What about positive autoregulation? 
We will see in Chapter 5 that positive 
autoregulation acts in an opposite way: it slows 
down responses and can amplify noise in 
parameters. Such slowdown and stochasticity 
can be useful for processes that take many 
cell generations, as occurs when organisms 
develop from an egg to an embryo.

2.6 SUMMARY: EVOLUTION AS AN ENGINEER
Negative autoregulation is a network motif, a pattern that recurs throughout the network 
at numbers much higher than expected in random networks.

To understand why negative autoregulation is a network motif, we asked what functions 
it can perform. For this purpose, we analyzed its dynamic behavior. !e dynamic analysis 
can be phrased as an engineering story. !ink of evolution as an engineer working to design 
a gene circuit that reaches a desired steady-state concentration Xst. One possible design, 
design A, is simple regulation with a production rate set to reach Xst. Design B is negative 
autoregulation, with a stronger initial production rate, which, as X builds up, is suppressed 
to result in the desired steady state.

FIGURE 2.10 

FIGURE 2.11 
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• In SR, the degradation rate and/or dilution rate (ie. growth rate) have a strong impact on the steady state value of X. 
• But in NAR, if the negative feedback is non linear, degradation has a more limited impact on the steady state value.  
• The greater the non linearity the greater the robustness to degradation/dilution/growth.
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1.4  DYNAMICS AND RESPONSE TIME OF SIMPLE REGULATION
We now turn to the dynamics of transcription networks. We begin with the dynamics 
of a single arrow in the network. Consider a gene that is regulated by a transcription 
factor with no additional inputs (or with all other inputs and post-transcriptional 
modes of regulation held constant over time2). This transcription interaction is 
described in the network by X → Y which reads “transcription factor X regulates gene 
Y.” Once X becomes activated by a signal, Y concentration begins to change. Let us 
calculate the!dynamics of the concentration of the gene product, the protein Y and its 
response!time.

In the absence of its input signal, transcription factor X is inactive and Y is not produced 
(Figure 1.3). When the signal Sx appears, X rapidly transits to its active form X* and binds 
the promoter of gene Y. Gene Y begins to be transcribed, and the mRNA is translated, 
resulting in accumulation of protein Y. "e cell produces protein Y at a rate β (units of 
concentration per unit time).

"e production of Y is balanced by two processes, protein degradation (its speci#c 
destruction by specialized proteins in the cell) and dilution (the reduction in concentration 
due to the increase of cell volume during growth). "e degradation rate is αdeg, and the 
dilution rate is αdil, giving a total removal rate (in units of 1/time) of

 α = αdil + αdeg (1.4.1)

"e change in the concentration of Y is due to the di$erence between its production and 
removal, as described by a dynamic equation3:

 dY dt Y/ = −β α  (1.4.2)

"e removal term in the equation αY is equal to the concentration Y times the probability 
per unit time that each protein Y is removed, α.

At steady state, Y reaches a constant concentration Yst. "e steady-state concentration 
can be found by solving for dY/dt = 0. "is shows that the steady-state concentration is the 
ratio of the production and removal rates:

 Yst = β α/  (1.4.3)

"is makes sense: the higher the production rate β, the higher the protein concentration 
reached, Yst. "e higher the removal rate α, the lower is Yst.

2 Proteins are potentially regulated at every step of their synthesis process, including the following post-transcriptional 
regulation interactions: (1) rate of degradation of the mRNA, (2) rate of translation, controlled primarily by sequences 
in the mRNA that bind the ribosomes and by mRNA-binding regulatory proteins and regulatory RNA molecules and 
(3)!rate of active and speci#c protein degradation. In eukaryotes, regulation also occurs on the level of mRNA splicing 
and transport in the cell. Other modes of regulation are possible.

3 "e time for transcription and translation of the protein (minutes) is neglected because it is small compared to the 
response time of the protein-level dynamics (tens of minutes) (Table 1.2).
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As we saw in the previous chapter, the dynamics of X are described by its production 
rate f(X) and removal rate α:

 
dX
dt f X X= −( ) α

 
(2.4.1)

where f(X) is a decreasing function of X.1 As mentioned in Chapter 1, a good approximation 
for many promoters is a decreasing Hill function:

 
f X K

K X
n

n n( ) =
+

β
 

(2.4.2)

In this input function, when X is much smaller than the repression coe!cient K, the 
promoter is free and the production rate reaches its maximal value, β. On the other hand, 
when repressor X is at high concentration, no transcription occurs, f(X) ∼ 0. "e repression 
coe!cient K has units of concentration, and equals the concentration at which X represses 
the promoter activity by 50%.

To solve the dynamics in the most intuitive way, let’s use the logic approximation, where 
production is zero if X > K, and production is maximal, namely, f(X) = β, when X is smaller 
than K. "is was described in Chapter 1.3.4 using the step function θ:

 f X X K( ) ( )= <βθ  (2.4.3)

In Exercise 2.3, we will also solve the dynamics with a Hill function, to #nd that the logic 
approximation is reasonable.

To study the response time, consider the case where X is initially absent, and its production 
starts at t = 0. At early times, while X concentration is low, the promoter is unrepressed 
and production is full-steam at rate β, as described by the production-removal equation:

 
dX
dt X X K= − <β α while

 
(2.4.4)

1 To understand the dynamics of a negatively autoregulated system, recall the separation of timescales in transcription 
networks. "e production rate of X is governed by the probability that X binds the promoter of its own gene. "e binding 
and unbinding of X to the promoter reaches equilibrium on the timescale of seconds. "e concentration of protein X, on 
the other hand, changes much more slowly, on the timescale of hours. "erefore, it makes sense to describe the production 
rate by an input function, f(X), equal to the mean promoter activity at a given level of X, averaged over many repressor 
binding events.

A AX X
K

Simple regulation Negative autoregulation

FIGURE 2.3 

U. Alon. An introduction to systems biology. CRC Press (2020)
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can be found by solving for dY/dt = 0. "is shows that the steady-state concentration is the 
ratio of the production and removal rates:
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• In Negative autoregulation (NAR), the steady state value only depends on K (eg. Binding strength of 
X to its own promoter). K which is robust to environmental perturbations/growth rate.
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Negative auto-regulation (NAR)

The gene copy number per cell is determined by the dynamics
of DNA replication and cell division and has been well character-
ized (Cooper and Helmstetter, 1968). It is growth-rate depen-
dent, because at different growth rates a gene is replicated at
different time points in the cell division cycle. At fast growth
the gene copy number is further increased due to overlapping
rounds of DNA replication. The growth-rate dependence of the
gene copy number is calculated using the Cooper-Helmstetter
relation (see Table S1) and is plotted in Figure 1B for a position
halfway between the origin and terminus of replication.

The degradation rate of mRNA appears to be rather indepen-
dent of growth rate, as indicated by studies of the stability of total
cellular mRNA (Coffman et al., 1971; Pato and von Meyenburg,
1970) and of specific transcripts such as lacZ (shown in
Figure 1C), bla, and lpp, which all had almost the same lifetime
at different growth rates (Liang et al., 1999b; Nilsson et al.,
1984). Furthermore, a genome-wide study (Bernstein et al.,
2002) found that the lifetimes of most transcripts differed by
less than 2-fold between growth in minimal and rich medium,
with no obvious correlation between the two conditions. The
independence of mRNA stability to growth rate may be attrib-
uted to the autoregulation of RNase E (Jain et al., 2002) (see
the Supplemental Data).

The growth-rate dependence of the translation rate ap has
been determined for the lacZ transcript and was found to be
approximately constant over a range of growth rates from 0.6
to three doublings per hour (Liang et al., 2000), as shown in Fig-
ure 1D. This finding is surprising, given that the cellular concen-
tration of ribosomes increases strongly with increasing growth
rate (Bremer and Dennis, 1996), and is discussed further in
the Supplemental Data. Here, we take the finding for lacZ as
typical and assume the translation rate to be growth-rate inde-
pendent. Finally, if our protein of interest is stable, it is not
degraded, but rather diluted out by cell growth and division,

Figure 2. Calculated Growth-Rate Dependence
of Constitutive Gene Expression
Expression level of a constitutively expressed gene as

characterized by the number of mRNA transcripts of that

gene per cell (A), its mRNA concentration (B), its number

of protein molecules per cell (C), and the protein concen-

tration (D), calculated from the growth-rate dependence

of the parameters shown in Figure 1. All curves are nor-

malized to their value at one doubling per hour.

so that bp is given by the growth rate m through
bp = m ln2 (Figure 1E).

To predict protein and mRNA concentrations,
we also need the growth-rate dependence of the
cell volume. As a measure of cell volume we use
cell mass, which is easily measured by optical
density and is commonly used to express
measured concentrations. Several studies
have shown that cellular mass and volume
exhibit the same growth-rate dependence
(Donachie and Robinson, 1987; Nanninga and
Woldringh, 1985), increasing strongly with
increasing growth rate as shown in Figure 1E

(data from Bremer and Dennis, 1996) (see also the detailed
discussion in the Supplemental Data). An alternative normaliza-
tion for concentrations is per total cellular protein rather than
per cell mass. While the two are roughly equivalent, the total
cellular protein concentration (per mass) increases slightly at
slower growth, so that this normalization leads to a slightly
weaker growth-rate dependence (see below).

Growth-Rate Dependence of Constitutive Gene
Expression
From the growth-rate dependence of the global parameters
(Figure 1), we calculated by Equation 1 the predicted growth-
rate dependence of the protein and mRNA expression levels
for a constitutively expressed gene (Figures 2A–2D). Our results
predict that the number of transcripts of such a gene per cell is
strongly increased at faster growth (Figure 2A), while the concen-
tration of transcripts is rather independent of growth rate (Fig-
ure 2B). Likewise, the protein copy number per cell is increased
at faster growth (Figure 2C), although less than the number of
transcripts, and the protein concentration is decreased at faster
growth (Figure 2D). The decrease of the protein concentration
despite an increase of its molecule number per cell reflects the
strongly increased cell volume at fast growth.

In Figures 3A and 3B, we compare the calculated growth-rate
dependence of the concentrations of constitutively expressed
proteins with available experimental data. These data are
derived by different labs from various E. coli strains, for various
genes expressed constitutively because their regulation has
been inactivated (by deletion of the regulators or mutations of
the operator sites), and for a synthetic promoter-reporter system
constructed for this study (green squares). Data in Figure 3A
show concentrations obtained by normalization to cell mass,
while data in Figure 3B are normalized to total protein. In general,
our calculated growth-rate dependence (red) agrees very well
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is known to exhibit different types of growth-rate dependences
(Pedersen et al., 1978). Growth rate-dependent regulation is
most notable for the transcription of ribosomal RNA (Haugen
et al., 2008), but is also known for ribosomal proteins, where it
relies largely on posttranscriptional regulation (Keener and
Nomura, 1996), as well as for several nonribosomal proteins,
where it is based on transcriptional mechanisms that appear to
be different from the control of ribosomal RNA (Chiaramello
and Zyskind, 1989; Husnain and Thomas, 2008). In contrast to
these instances of specific growth rate-dependent regulation,
the global effects addressed here are expected to affect all
genes. Their interplay with specific mechanisms of gene regula-
tion can lead to rather complex behaviors, and it is possible that
they play a role in some of the known examples for specific
growth rate-dependent regulation.

An obvious starting point to study global growth rate-depen-
dent effects on gene expression is the growth-rate dependence
of the expression of an unregulated (constitutively expressed)
gene. Indeed, several studies have shown that the expression
of a constitutively expressed gene is growth-rate dependent
(Liang et al., 1999a; Wanner et al., 1977; Willumsen, 1975). We
will show that the observed dependence can be quantitatively
explained by a simple model using the known growth-rate
dependencies of the key cellular parameters without invoking
any adjustable free parameters.

We then expand our model to investigate the effect of growth
rate on regulated genes and simple genetic circuits to address
the following questions: How is the growth-rate dependence
of gene expression affected by positive or negative regulation?
How should a gene be regulated to exhibit a growth rate-
independent protein concentration? Is the qualitative behavior
of a circuit the same at different growth rates? Answers to these
questions may also help in the design on synthetic genetic
circuits in order to obtain robust performance over a wide range
of growth conditions. Experimental results are presented to
validate key predictions of the model using simple synthetic
genetic circuits.

Finally, we explore cases with global feedback mediated by
growth rate-dependent effects: in these situations, there is not
only an effect of growth rate on gene expression, but the expres-

Figure 1. Growth-Rate Dependence of
Global Cellular Parameters Affecting Gene
Expression
Transcription rate per gene (A), gene copy number

per cell (B), mRNA degradation rate (C), translation

rate per mRNA molecule (D), protein dilution rate

due to growth (E), and cell mass (F), used as a

measure for the cell volume V, as functions of the

growth rate. All parameters are for constitutively

expressed (unregulated) genes. For a description

how the data was collected from the literature

and for references, see the main text and Table S1.

sion level of a protein also has an effect
on the growth rate. Circuits of this
type can lead to growth bistability. We
discuss possible roles these effects may

play in metabolic control, antibiotic resistance, and tolerance
(persistence).

RESULTS

Growth-Rate Dependence of Global Cellular Parameters
We start by considering the growth-rate dependence of unregu-
lated (constitutive) gene expression, which has been reported
experimentally for E. coli in several cases (Liang et al., 1999a;
Wanner et al., 1977; Willumsen, 1975). From a bottom-up
perspective, it is not clear whether the concentration of a consti-
tutively expressed protein should be expected to increase or
decrease at faster growth. On the one hand, faster dilution of
the protein by faster growth should reduce its concentration,
but on the other hand, transcription rates are known to be
increased at faster growth, as well (Liang et al., 1999a). To predict
the growth-rate dependence of a constitutively expressed
protein, we used a simple model of gene expression and
searched the literature for the growth-rate dependence of all rele-
vant parameters (Figure 1 and Table S1 available online). In our
model, the expression level of a protein depends on six parame-
ters, the cellular copy number of the gene (g), the transcription
rate per copy of the gene (am), the mRNA degradation rate (bm),
the translation rate per mRNA (ap), the protein degradation rate
(bm), and the cell volume (V), all of which may have a dependence
on the growth rate (m). These parameters determine the numbers
of mRNA and protein molecules per cell, M = gam/bm and P =
gamap/(bm bp), as well as the corresponding concentrations,
m = M/V and p = P/V. The quantity of main interest is the resulting
concentration of the protein, which is given by

p = gamap=
!
bmbpV

"
: (1)

The growth-rate dependence of the transcription rate per gene
has been characterized for several constitutive promoters (Liang
et al., 1999a). They were found to exhibit the same dependence,
increasing at slow growth and saturating at fast growth
(Figure 1A). This growth-rate dependence is believed to reflect
the availability of RNA polymerase in the cell (Klumpp and
Hwa, 2008; Liang et al., 1999a).
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• Growth rate is dependent on the environment 
(eg. nutrients) and temperature: doubling time 
can vary from 20 min to several hours. 

• Cellular parameters are sensitive to growth rate.

growth-rate dependence than the cogenic strain (EQ37) not con-
taining tetR (black). In strain EQ40, a constitutively expressed
activator (dnXylR) controls LacZ expression through the Pu
promoter derived from the TOL plasmid of Pseudomonas putida
(Pérez-Martı́n and de Lorenzo, 1996). A stronger growth-rate
dependence (green) than for constitutive expression is seen for
this system. The experimental results are in good semiquantita-
tive agreement with the predictions (compare like color curves in
Figure 4). Detailed quantitative comparisons require quantitative
knowledge of the promoter characteristics (e.g., cooperativity
and repression threshold) and will be pursued elsewhere.

Homeostatic Circuits
Although simple repression can result in rather weak growth-rate
dependence (Figure 4C, red dots), significant growth-rate de-
pendence of LacZ expression is seen for strain EQ38 (Figure 5A,
red symbols) in the presence of cl-Tc, an inducer of TetR which
itself hardly affected growth (Figure S1). The inducer depen-
dence is complex due to a variety of factors, including the
inducer-TetR interaction and inducer transport, and is beyond
the scope of this study. Here, we ask how a gene should be
regulated to obtain constant protein concentration over a wide
range of growth rates even in the presence of complex growth
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Figure 4. Growth-Rate Dependence of Simple
Negative and Positive Regulation
(A and B) Concentration of a protein under negative

regulation by a constitutively expressed repressor (A)

and positive regulation by a constitutively expressed acti-

vator (B). The two plots are generated, respectively, by

Equations S9 and S11 in the Supplemental Data, for

noncooperative (Hill coefficient n = 1, squares) and coop-

erative regulation (n = 2, triangles). Black symbols show

the concentration of constitutively expressed protein.

The parameters used for the plots are r1/K = 10 (A) and

a1/K = 0.1 and f = 100 (B).

(C) Experimental data for the concentrations of LacZ

reporter under constitutive expression (strain EQ37:

PLtetO1-lacZ, no tetR, black), repression (strain EQ38:

Pcon-tetR, PLTet-O1-lacZ, red), and activation (strain

EQ40: PLlac-O1-dnxylR, Pu-lacZ, no lacI, green), showing

weaker growth-rate dependence under repression and

stronger growth-rate dependence under activation as

compared to the constitutive case.

Figure 5. Growth-Rate Dependence of Genetic
Circuits with Negative Autoregulation
(A) Experimental data for growth-rate dependence of

simple repression (EQ38: Pcon-tetR, PLTet-O1-lacZ, red

symbols), and autorepression (EQ39: PLTet-O1-tetR,

PLTet-O1-lacZ, blue symbols) in the presence of the inducer

cl-Tc (circles, 50 ng/ml; squares, 20 ng/ml; triangles, no

inducer). For simple repression, induction results in signif-

icant growth-rate dependence. Autorepression exhibits

growth rate-independent LacZ concentration, which is

nevertheless tunable by the inducer level.

(B) Our model predicts weak growth-rate dependence

for a protein E controlled by an autoregulated repressor

R. If E and R are driven by the same promoter (solid lines,

from Equation S14, with r1/Kr = 10), weaker growth-rate

dependence is obtained by increasing cooperativity

(larger Hill coefficient n). Independence of growth rate is

predicted for E and R driven by different promoters, whose

respective Hill coefficients for repression (ne and nr) satisfy

ne = nr+1 (dashed line, from Equation S17, with r1/Kr = 10

and r1/Ke = 10).
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• Simple repression and negative auto regulation (NAR) 
are differently sensitive to changes in growth rate. 

• NAR is robust to growth rate changes (dilution and 
transcription rate)

S. Klumpp et al and T. Hwa Cell 139, 1366–1375 (2009)

• Robustness to production rate and degradation & dilution/growth rate 
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
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promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
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this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
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accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.
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cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
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variations: high concentrations of X reduce its own 
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autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
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to a simple-regulation system that reaches the same 
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circuit in which the repressor TetR fused to GFP represses 
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measurements in living Escherichia coli cells show that 
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occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
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in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.
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occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
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E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
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tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
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rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.
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occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
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PAR slows the response time because at early stages, 
when levels of X are low, production is slow.  
Production increases when X concentration approaches the 
activation threshold for its own promoter.
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Sensory system networks 
• 1-2 nodes networks: 

Simple regulation and autoregulation: response accelerator 
• 3 nodes networks: Feedforward loops: Persistence detector, pulse 

generator, response accelerator 
• Programmes (temporal, combinatorial)  

Single input modules (SIMs) 
Feedforward circuits (multi FFLs) 
Dense overlapping regulons (DORs) 

Developmental networks: 
• Bistable networks: Memory 
• Fold change detector

Network motifs
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Network motifs

3-node connected subgraphs38   ◾   An Introduction to Systems Biology

r a ndom ne t work s , 
the mean number of 
feedforward loops is equal 
to the mean connectivity!λ 
(mean number of arrows 
per node, λ = A/N) raised 
to the third power, λ3 
(see solved Exercise 3.2). 
The third power arises 
because! the feedforward 
loop has three arrows.

How do the numbers of 
three-node patterns in transcription networks compare with random networks? In the 
Escherichia coli transcription network that we use as an example, there are 42 feedforward 
loops and no feedback loops made of a cycle of three nodes. Nodes that participate in 
feedforward loops are shown in black in Figure 3.3. In contrast, in the corresponding 
randomized networks with the same mean connectivity λ = 500/400 ∼ 1.2, there are only 
about 2 feedforward loops on average (Exercise 3.2)

 〈 =〉NFFL rand λ3 1 7∼ .

and the mean number of feedback loops is smaller than 1,

 〈 =〉NFBL rand λ3 3 0 6/ .∼

"e standard deviations of these numbers are generally the square roots of the means in 
such random networks.

We see that the feedforward loop is a strong network motif. It occurs much more 
o#en than at random. Its frequency exceeds its frequency in the ensemble of randomized 
networks by more than 30 standard deviations. In contrast, the three-node feedback loop 
is not a network motif (it is actually an anti-motif in many biological networks). "e same 
conclusions apply also when comparing transcription networks to more stringent ensembles 
of randomized networks that closely preserve the properties of the real network.

In fact, in sensory transcription networks such as those of E. coli and yeast (Lee et!al., 
2002; Milo et!al., 2002), the feedforward loop is the only signi$cant network motif of the 
13 possible three-node patterns. In this sense, these networks are much simpler than they 
could have been.

"e massive overabundance of feedforward loops raises the question: Why are they 
selected despite randomizing forces? Do they perform a function that confers an advantage 
to the organism? To address this question, let’s now analyze the structure and function of 
the feedforward loop network motif.

fan
out

fan
in

cascade mutual
out

mutual
in

bi-mutual

FFL FBL regulating
mutual

regulated
mutual

mutual
cascade 

semi
clique 

clique

FIGURE 3.2 
37

C H A P T E R  3

The Feedforward Loop 
Network Motif

3.1 INTRODUCTION
In this chapter, we will continue to discover network motifs in transcription networks and 
discuss their function. !e main point is that out of the many possible patterns that could 
appear in the network, only a few are found signi!cantly – the network motifs. Network 
motifs have de"ned information-processing functions. !e bene"t of these functions may 
explain why the same network motifs are rediscovered by evolution again and again in 
diverse systems.

To "nd network motifs, we will calculate the number of appearances of patterns in 
real and random networks. We focus in this chapter on patterns with three nodes (such 
as triangles). Patterns with two nodes and patterns with more than three nodes will be 
discussed in the next chapters.

3.2 THE FEEDFORWARD LOOP IS A NETWORK MOTIF
In the previous chapter, we discussed the simplest network motif, self-regulation, a pattern 
with one node. Let us now consider larger patterns of nodes and arrows, called subgraphs. 
Two examples of three-node subgraphs are shown in Figure 3.1, the feedforward loop and 
the feedback loop. In total, there are 13 possible ways 
to connect three nodes with directed arrows, shown in 
Figure 3.2. !ere are 199 possible four-node subgraphs, 
9364 "ve-node subgraphs, and so on.

To "nd which of these subgraphs are signi"cant, we 
need to compare the subgraphs in the real network to 
those in randomized networks. !e numbers of subgraphs 
in randomized networks can be computed analytically or 
by computer simulations. For example, in Erd$s–Rényi 

x

y z

x

yz
Feedforward Loop

(FFL)
Feedback Loop

(FBL)

FIGURE 3.1 

U. Alon. An introduction to systems biology. CRC Press (2020)

13 possible networks 
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Network motifs

Overrepresentation of FFL subgraphs: feedforward loops.

• Randomised networks: 
The mean number of feedforward loops 
<NFFL>  is equal to the mean connectivity λ 
(mean number of arrows per node, λ = A/N) 
raised to the third power: 

<NFFL> = λ3
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A arrows and N nodes

U. Alon. An introduction to systems biology. CRC Press (2020)
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3.3 THE STRUCTURE OF THE FEEDFORWARD LOOP GENE CIRCUIT
!e feedforward loop, which we will henceforth abbreviate FFL, is composed of transcription 
factor X that regulates a second transcription factor, Y, and both X and Y regulate gene Z 
(Figure 3.1). !us, the FFL has two parallel regulation paths, a direct path from X to Z and 
an indirect path that goes through Y.

Each of the three arrows in the FFL can correspond to activation (plus sign) or repression 
(minus sign). !ere are, therefore, 23 = 8 possible types of FFLs (Figure 3.4).

nodes in FFL

FIGURE 3.3 

• Biological networks (E. coli ): 42 FFL motifs, 0 FBL 
with same mean connectivity λ = 1.2 
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Figure 10.9: The eight di↵erent feedforward loop motifs that can be formed
with three genes. In coherent feed-forward loops, the direct X–Z regulatory
pathway and its indirect X–Y–Z counterpart share the same type of regulatory
connection (activating or repressor) to Z. In incoherent feed-forward loops, the
direct and indirect regulatory pathways have opposite e↵ects on Z. Adapted
from U. Alon, An Introduction to Systems Biology, CRC Press, 2020.
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• Arrows may represent activation or repression 
• Direct and indirect branches in subgraph 
• The 2 branches may be synergistic (coherent) or antagonistic (incoherent)

U. Alon. An introduction to systems biology. CRC Press (2020)
Hernan G. Garcia and Rob Phillips, Physical genomics
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Figure 10.10: Frequencies of di↵erent feedforward loop types in E. coli and yeast.
The type 1 coherent and incoherent feedforward loops are over represented in
comparison to all other possible loops. These numbers are expected to vary
as the mapping of the underlying gene regulatory networks improves. Adapted
from U. Alon, An Introduction to Systems Biology, CRC Press, 2020.

of feedforward loops are over represented in gene regulatory networks compared
to random networks. Further, as shown in Figure 10.10, it is also possible to
assess the relative abundance of the di↵erent feedforward motifs shown in Fig-
ure 10.9. As seen here, as of the early 2000s, two of those regulatory motifs
were seen to be the most common. We will explore the dynamical and mathe-
matical consequences of these feedforward loops in Section 10.9 (p. 766). As we
have repeatedly emphasized throughout the book, the knowledge captured in a
figure such as Figure 10.10 is incomplete and dynamic as evidenced by the huge
fraction of the genomes, even in E. coli and yeast, of which we remain ignorant.
We view it as a sacred duty of the genome era to continue to build up this kind
of regulatory information.

10.2.3 Double-Negative Logic
HG to RP: note that I got
rid of references to loops. I
agree with our readers that
this is not really a loop. If
you agree, we should get rid
of “feedback” in the discus-
sion around Figure 1.28.

Organism-by-organism surveys yielded yet another interesting forms of regu-
latory logic, namely, the so-called double-negative motif shown in Figure 1.28
(p. 58). Stated simply, this regulatory logic is founded upon the idea that A
represses B and B represses C. Superficially, this can give the appearance that
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PAR slows the response time because at early stages, 
when levels of X are low, production is slow. Production 
picks up only when X concentration approaches the acti-
vation threshold for its own promoter. Thus, the desired 
steady state is reached in an S-shaped curve (FIG. 1d). 
The response time is longer than in a corresponding 
simple-regulation system, as shown theoretically24 and 
experimentally by Maeda and Sano25.

PAR tends to increase cell–cell variability. If PAR is 
weak (that is, X moderately enhances its own produc-
tion rate), the cell–cell distribution of X concentration 
is expected to be broader than in the case of a simply 
regulated gene (FIG. 1f). Strong PAR can lead to bimodal 
distributions, whereby the concentration of X is low 
in some cells but high in others. In cells in which the 
concentration is high, X activates its own production 
and keeps it high indefinitely. Strong PAR can therefore 
lead to a differentiation-like partitioning of cells into 
two populations25–27 (FIG. 1f). In some cases, PAR can 
be useful as a memory to maintain gene expression, as 
mentioned below (see the section on developmental 

networks). In other cases, a bimodal distribution is 
thought to help cell populations to maintain a mixed 
phenotype so that they can better respond to a stochastic 
environment (reviewed in REF. 28).

Feedforward loops
The second family of network motifs is the feedforward 
loop (FFL). It appears in hundreds of gene systems in 
E. coli6,9 and yeast7,10, as well as in other organisms11–16. 
This motif consists of three genes: a regulator, X, which 
regulates Y, and gene Z, which is regulated by both X 
and Y. Because each of the three regulatory interactions 
in the FFL can be either activation or repression, there 
are eight possible structural types of FFL (FIG. 2a).

To understand the function of the FFLs, we need to 
understand how X and Y are integrated to regulate the 
Z promoter29,30. Two common ‘input functions’ are an 
‘AND gate’, in which both X and Y are needed to activate 
Z, and an ‘OR gate’, in which binding of either regulator 
is sufficient. Other input functions are possible, such 
as the additive input function in the flagella system24,31 
and the hybrid of AND and OR logic in the lac pro-
moter32. However, much of the essential behaviour of 
FFLs can be understood by focusing on the stereotypical 
AND and OR gates. Each of the eight FFL types can thus 
appear with at least two input functions.

In the best studied transcriptional networks (E. coli 
and yeast), two of the eight FFL types occur much more 
frequently than the other six types. These common types 
are the coherent type-1 FFL (C1-FFL) and the incoherent 
type-1 FFL (I1-FFL)33,34,36. Here I discuss their dynamical 
functions in detail; the functions of all eight FFL types 
are described in REF. 34.

The C1-FFL is a ‘sign-sensitive delay’ element and a 
persistence detector. In the C1-FFL, both X and Y are 
transcriptional activators (FIG. 2b). I will first consider 
the behaviour of the FFL when the Z promoter has an 
AND input function, and then turn to the case of the 
OR input function.

With an AND input function, the C1-FFL shows 
a delay after stimulation, but no delay when stimula-
tion stops. To see this, let’s follow the behaviour of the 
FFL. When the signal Sx appears, X becomes active 
and rapidly binds its downstream promoters. As a 
result, Y begins to accumulate. However, owing to the 
AND input function, Z production starts only when Y 
concentration crosses the activation threshold for the 
Z promoter. This results in a delay of Z expression fol-
lowing the appearance of Sx (FIG. 3a). In contrast, when 
the signal Sx is removed, X rapidly becomes inactive. As 
a result, Z production stops because deactivation of its 
promoter requires only one arm of the AND gate to be 
‘shut off ’. Hence, there is no delay in deactivation of Z 
after the signal Sx is removed (FIG. 3a).

This dynamic behaviour is called sign-sensitive delay; 
that is, delay depends on the sign of the Sx step. An ON 
step (addition of Sx) causes a delay in Z expression, but 
an OFF step (removal of Sx) causes no delay.

The duration of the delay is determined by the bio-
chemical parameters of the regulator Y; for example, the 

Figure 2 | Feedforward loops (FFLs). a | The eight types 
of feedforward loops (FFLs) are shown. In coherent FFLs, 
the sign of the direct path from transcription factor X to 
output Z is the same as the overall sign of the indirect 
path through transcription factor Y. Incoherent FFLs have 
opposite signs for the two paths. b | The coherent type-1 
FFL with an AND input function at the Z promoter. 
c | The incoherent type-1 FFL with an AND input function 
at the Z promoter. SX and SY are input signals for X and Y.
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X gene Y gene Z gene

Figure 10.4: The coherent type-1 feedforward loop architecture. The gene prod-
uct from gene X is an activator both of gene Y and of gene Z. Gene Y is an
activator of gene Z.

in such a way that X regulates both Y and Z, and Y regulates Z. We will dissect
the dynamical underpinnings of regulation by this and other feedforward loops
later in the chapter.

It is also a good time to remind both ourselves and our readers that even
in the case of this famed and extensively studied organism, we remain largely
ignorant of the inner workings of the information contained in its genome. As
seen in Figure 1.15 (p. 41), for roughly 1/3 of the genes in E. coli, we remain
unclear of their function. Perhaps more dramatically, Figure 1.13 (p. 39) shows
the huge extent of our ignorance on how the di↵erent genes across the E. coli
genome are regulated. This means that the transcriptional regulatory network
provided in Figure 10.2 is a vastly incomplete picture of the network of interact-
ing genes in that organism. We look forward to the time in the not too distant
future when Figure 10.2 will be superseded by diagram featuring nearly all of
the genes of E. coli.

10.1.2 Regulatory Wiring in Yeast

At the same time that work was undertaken to discover the nature of the regula-
tory motifs that characterize the E. coli genome, a parallel e↵ort was underway
to ask the same question in the paradigmatic model eukaryote, Saccharomyces
cerevisiae. One set of experiments that shed light on these questions involved
adding an epitope tag to 106 yeast transcription factors so that they could be
isolated from cells with their partner DNA.

What emerged was a very rich picture of the architectures of yeast promoters
as already shown in Figure 2.30 (p. 112). More concretely, this work revealed
that certain key regulatory motifs shown in schematic form in Figure 10.5 appear
repeatedly. One such example is the motif of positive autoregulation as shown in
Figure 10.5(A), and already seen to be a key player in E. coli as well (Fig. 10.2.
The specific case shown there corresponds to the pheromone-responsive tran-

scription factor Ste12. Presumably using an allosteric mechanism such as those
we will describe in Chapter 6 (p. 449), when the pheromone is present, Ste12
binds its own promoter in its role as an activator and up regulates its own ex-
pression. We will undertake the study of such auto-activation in great detail in
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PAR slows the response time because at early stages, 
when levels of X are low, production is slow. Production 
picks up only when X concentration approaches the acti-
vation threshold for its own promoter. Thus, the desired 
steady state is reached in an S-shaped curve (FIG. 1d). 
The response time is longer than in a corresponding 
simple-regulation system, as shown theoretically24 and 
experimentally by Maeda and Sano25.

PAR tends to increase cell–cell variability. If PAR is 
weak (that is, X moderately enhances its own produc-
tion rate), the cell–cell distribution of X concentration 
is expected to be broader than in the case of a simply 
regulated gene (FIG. 1f). Strong PAR can lead to bimodal 
distributions, whereby the concentration of X is low 
in some cells but high in others. In cells in which the 
concentration is high, X activates its own production 
and keeps it high indefinitely. Strong PAR can therefore 
lead to a differentiation-like partitioning of cells into 
two populations25–27 (FIG. 1f). In some cases, PAR can 
be useful as a memory to maintain gene expression, as 
mentioned below (see the section on developmental 

networks). In other cases, a bimodal distribution is 
thought to help cell populations to maintain a mixed 
phenotype so that they can better respond to a stochastic 
environment (reviewed in REF. 28).

Feedforward loops
The second family of network motifs is the feedforward 
loop (FFL). It appears in hundreds of gene systems in 
E. coli6,9 and yeast7,10, as well as in other organisms11–16. 
This motif consists of three genes: a regulator, X, which 
regulates Y, and gene Z, which is regulated by both X 
and Y. Because each of the three regulatory interactions 
in the FFL can be either activation or repression, there 
are eight possible structural types of FFL (FIG. 2a).

To understand the function of the FFLs, we need to 
understand how X and Y are integrated to regulate the 
Z promoter29,30. Two common ‘input functions’ are an 
‘AND gate’, in which both X and Y are needed to activate 
Z, and an ‘OR gate’, in which binding of either regulator 
is sufficient. Other input functions are possible, such 
as the additive input function in the flagella system24,31 
and the hybrid of AND and OR logic in the lac pro-
moter32. However, much of the essential behaviour of 
FFLs can be understood by focusing on the stereotypical 
AND and OR gates. Each of the eight FFL types can thus 
appear with at least two input functions.

In the best studied transcriptional networks (E. coli 
and yeast), two of the eight FFL types occur much more 
frequently than the other six types. These common types 
are the coherent type-1 FFL (C1-FFL) and the incoherent 
type-1 FFL (I1-FFL)33,34,36. Here I discuss their dynamical 
functions in detail; the functions of all eight FFL types 
are described in REF. 34.

The C1-FFL is a ‘sign-sensitive delay’ element and a 
persistence detector. In the C1-FFL, both X and Y are 
transcriptional activators (FIG. 2b). I will first consider 
the behaviour of the FFL when the Z promoter has an 
AND input function, and then turn to the case of the 
OR input function.

With an AND input function, the C1-FFL shows 
a delay after stimulation, but no delay when stimula-
tion stops. To see this, let’s follow the behaviour of the 
FFL. When the signal Sx appears, X becomes active 
and rapidly binds its downstream promoters. As a 
result, Y begins to accumulate. However, owing to the 
AND input function, Z production starts only when Y 
concentration crosses the activation threshold for the 
Z promoter. This results in a delay of Z expression fol-
lowing the appearance of Sx (FIG. 3a). In contrast, when 
the signal Sx is removed, X rapidly becomes inactive. As 
a result, Z production stops because deactivation of its 
promoter requires only one arm of the AND gate to be 
‘shut off ’. Hence, there is no delay in deactivation of Z 
after the signal Sx is removed (FIG. 3a).

This dynamic behaviour is called sign-sensitive delay; 
that is, delay depends on the sign of the Sx step. An ON 
step (addition of Sx) causes a delay in Z expression, but 
an OFF step (removal of Sx) causes no delay.

The duration of the delay is determined by the bio-
chemical parameters of the regulator Y; for example, the 

Figure 2 | Feedforward loops (FFLs). a | The eight types 
of feedforward loops (FFLs) are shown. In coherent FFLs, 
the sign of the direct path from transcription factor X to 
output Z is the same as the overall sign of the indirect 
path through transcription factor Y. Incoherent FFLs have 
opposite signs for the two paths. b | The coherent type-1 
FFL with an AND input function at the Z promoter. 
c | The incoherent type-1 FFL with an AND input function 
at the Z promoter. SX and SY are input signals for X and Y.
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picks up only when X concentration approaches the acti-
vation threshold for its own promoter. Thus, the desired 
steady state is reached in an S-shaped curve (FIG. 1d). 
The response time is longer than in a corresponding 
simple-regulation system, as shown theoretically24 and 
experimentally by Maeda and Sano25.
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tion rate), the cell–cell distribution of X concentration 
is expected to be broader than in the case of a simply 
regulated gene (FIG. 1f). Strong PAR can lead to bimodal 
distributions, whereby the concentration of X is low 
in some cells but high in others. In cells in which the 
concentration is high, X activates its own production 
and keeps it high indefinitely. Strong PAR can therefore 
lead to a differentiation-like partitioning of cells into 
two populations25–27 (FIG. 1f). In some cases, PAR can 
be useful as a memory to maintain gene expression, as 
mentioned below (see the section on developmental 

networks). In other cases, a bimodal distribution is 
thought to help cell populations to maintain a mixed 
phenotype so that they can better respond to a stochastic 
environment (reviewed in REF. 28).

Feedforward loops
The second family of network motifs is the feedforward 
loop (FFL). It appears in hundreds of gene systems in 
E. coli6,9 and yeast7,10, as well as in other organisms11–16. 
This motif consists of three genes: a regulator, X, which 
regulates Y, and gene Z, which is regulated by both X 
and Y. Because each of the three regulatory interactions 
in the FFL can be either activation or repression, there 
are eight possible structural types of FFL (FIG. 2a).

To understand the function of the FFLs, we need to 
understand how X and Y are integrated to regulate the 
Z promoter29,30. Two common ‘input functions’ are an 
‘AND gate’, in which both X and Y are needed to activate 
Z, and an ‘OR gate’, in which binding of either regulator 
is sufficient. Other input functions are possible, such 
as the additive input function in the flagella system24,31 
and the hybrid of AND and OR logic in the lac pro-
moter32. However, much of the essential behaviour of 
FFLs can be understood by focusing on the stereotypical 
AND and OR gates. Each of the eight FFL types can thus 
appear with at least two input functions.

In the best studied transcriptional networks (E. coli 
and yeast), two of the eight FFL types occur much more 
frequently than the other six types. These common types 
are the coherent type-1 FFL (C1-FFL) and the incoherent 
type-1 FFL (I1-FFL)33,34,36. Here I discuss their dynamical 
functions in detail; the functions of all eight FFL types 
are described in REF. 34.

The C1-FFL is a ‘sign-sensitive delay’ element and a 
persistence detector. In the C1-FFL, both X and Y are 
transcriptional activators (FIG. 2b). I will first consider 
the behaviour of the FFL when the Z promoter has an 
AND input function, and then turn to the case of the 
OR input function.

With an AND input function, the C1-FFL shows 
a delay after stimulation, but no delay when stimula-
tion stops. To see this, let’s follow the behaviour of the 
FFL. When the signal Sx appears, X becomes active 
and rapidly binds its downstream promoters. As a 
result, Y begins to accumulate. However, owing to the 
AND input function, Z production starts only when Y 
concentration crosses the activation threshold for the 
Z promoter. This results in a delay of Z expression fol-
lowing the appearance of Sx (FIG. 3a). In contrast, when 
the signal Sx is removed, X rapidly becomes inactive. As 
a result, Z production stops because deactivation of its 
promoter requires only one arm of the AND gate to be 
‘shut off ’. Hence, there is no delay in deactivation of Z 
after the signal Sx is removed (FIG. 3a).

This dynamic behaviour is called sign-sensitive delay; 
that is, delay depends on the sign of the Sx step. An ON 
step (addition of Sx) causes a delay in Z expression, but 
an OFF step (removal of Sx) causes no delay.

The duration of the delay is determined by the bio-
chemical parameters of the regulator Y; for example, the 

Figure 2 | Feedforward loops (FFLs). a | The eight types 
of feedforward loops (FFLs) are shown. In coherent FFLs, 
the sign of the direct path from transcription factor X to 
output Z is the same as the overall sign of the indirect 
path through transcription factor Y. Incoherent FFLs have 
opposite signs for the two paths. b | The coherent type-1 
FFL with an AND input function at the Z promoter. 
c | The incoherent type-1 FFL with an AND input function 
at the Z promoter. SX and SY are input signals for X and Y.
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functions: AND logic, in which both X and Y are needed to turn 
on Z expression, and OR logic, in which either X or Y is su!cient.

We also need to consider the input signals to this circuit. "e 
transcription factors X and Y in the FFL respond to the signals 
Sx and Sy. In some cases, these signals are molecules that directly 
bind the transcription factors, and in other systems the signals 
are modi#cations of the transcription factor caused by signal-
transduction pathways activated by external stimuli. "e e$ect of 
the signals usually operates on a much faster timescale than the 
transcriptional interactions in the FFL.

We can now study the dynamics of the proteins that make up 
the FFL as a function of time following a change in an external 
signal. We will begin with the common coherent type-1 FFL 
(C1-FFL). In this FFL, all three interactions are positive. As for 
the input function of the Z promoter, we will #rst consider AND 
logic, in which both activators X and Y need to bind the promoter 
of Z in order to initiate the production of protein Z (Figure 3.6).

3.4  DYNAMICS OF THE COHERENT TYPE-1 FFL 
WITH AND LOGIC

Suppose that the cell expresses numerous copies of protein X, the top transcription factor 
in the FFL. "e input to X is the signal Sx (Figure 3.7). Without the signal, X is in its 
inactive form. Now, at time t = 0, the signal Sx appears and triggers the activation of X. 
"is is known as a step-like stimulation of X. As a result, the transcription factor X rapidly 
transits to its active form X*. "e active protein X* binds the promoter of gene Y, initiating 
production of protein Y, the second transcription factor in the FFL. In parallel, other copies 
of X* bind the promoter of gene Z. However, since the input function at the Z promoter is 
AND logic, X* alone cannot activate Z production.

Production of Z requires binding of both X* and Y*. Z activation thus requires that the 
second input signal, Sy, is present, so that Y is in its active form, Y* (Figure 3.7). Moreover, 
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• X and Y are activated by stimuli SX and SY to yield X* and Y*.  
• Let’s consider an AND gate to control activation of Z by X and Y:  

Z is transcribed if X AND Y are present above the activation thresholds KXZ and KYZ 
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the concentration of Y* must build up to su!cient levels to cross the activation threshold 
for gene Z, denoted KYZ. "is results in a delay in Z production.

We will now mathematically describe the FFL dynamics, in order to see how a simple 
model can be used to gain an intuitive understanding of the function of a gene circuit. We’ll 
use logic input functions. Production of Y occurs at rate βY when X* exceeds the activation 
threshold KXY, as described by the step function θ:

 production rate of Y X KY XY= >β θ( * ) (3.4.1)

When the signal Sx appears, X rapidly shi#s to its active conformation X*. If the signal is 
strong enough, X* exceeds the activation threshold KXY and rapidly binds the Y promoter 
to activate transcription. "us, Y production begins shortly a#er Sx. "e accumulation of 
Y is described by our familiar dynamic equation with a term for production and another 
term for removal:

 
dY
dt X K YY XY Y= > −β θ α( * )

 
(3.4.2)

"e promoter of Z is governed by an AND-gate input function. "e AND gate can be 
described by a product of two step functions, because both regulators need to cross their 
activation threshold:

 production of Z X K Y KZ XZ YZ= > >β θ θ( * ) ( * ) (3.4.3)

"us, the C1-FFL gene circuit has three activation thresholds (numbers on the arrows). 
"e dynamics of Z are the balance of a production term with an AND input function and 
a removal term:

 
dZ
dt X K Y K ZZ XZ YZ Z= > > −β θ θ α( * ) ( * )

 
(3.4.4)

We now have the equations needed to study the C1-FFL.

3.5 THE C1-FFL IS A SIGN-SENSITIVE DELAY ELEMENT
To analyze the dynamics of the C1-FFL, we will consider the response to steps of Sx, in which 
the signal Sx is absent and then saturating Sx suddenly appears (ON steps). We will also 
consider OFF steps, in which Sx is suddenly removed. For simplicity, we assume throughout 
that the signal Sy is present, so that the transcription factor Y is in its active form:

 Y*  = Y (3.5.1)
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3.5.1 Delay Following an ON Step of Sx

Following an ON step of Sx, Y begins to be 
produced at rate βY. Hence, as we saw in 
Chapter 1, the concentration of Y begins to 
exponentially converge to its steady-state 
level Yst = βY/αY (Figure 3.8):

   Y Y est
tY* ( )= − −1 α     (3.5.2)

What about Z? Production of Z is 
governed by an AND input function, in 
which one input, X*, crosses its threshold 
as soon as Sx is added. But one input is 
not enough to activate an AND gate. 
!e second input, Y*, takes some time to 
accumulate and to cross the activation 
threshold, KYZ. !erefore, Z begins to be 
expressed only a"er a delay (Figure 3.8). 
!e delay, TON, is the time needed for Y* to 
reach its threshold. It can be seen graphically as the time when Y* concentration crosses the 
horizontal line at height KYZ. !e delay, TON, can be found using Equation 3.5.2:

 Y T Y e Kst
T

YZY*( ) ( )ON ON= − =−1 α
 (3.5.3)

which can be solved for TON, yielding:

 
T K YY YZ st

ON =
−

⎛

⎝
⎜⎜⎜⎜

⎞

⎠
⎟⎟⎟⎟

1 1
1α

log /  
(3.5.4)

!is equation describes how the duration of the delay depends on the biochemical 
parameters of the protein Y (Figure 3.9). !ese parameters are the removal rate of the 
protein, αY, and the ratio between its 
steady-state level Yst and its activation 
threshold KYZ. !e delay can, therefore, 
be tuned over evolutionary timescales by 
mutations that change these biochemical 
parameters.

Note that the delay TON diverges when 
the activation threshold KYZ exceeds the 
steady-state level of Y, because protein Y 
can never reach its threshold to activate Z 
(Figure 3.9). Recall that Yst is prone to 
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• Mathematical formulation of C1-FFL dynamics: 
• ON Step function of SX which activates X instantaneously.

(AND gate)
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the concentration of Y* must build up to su!cient levels to cross the activation threshold 
for gene Z, denoted KYZ. "is results in a delay in Z production.

We will now mathematically describe the FFL dynamics, in order to see how a simple 
model can be used to gain an intuitive understanding of the function of a gene circuit. We’ll 
use logic input functions. Production of Y occurs at rate βY when X* exceeds the activation 
threshold KXY, as described by the step function θ:

 production rate of Y X KY XY= >β θ( * ) (3.4.1)

When the signal Sx appears, X rapidly shi#s to its active conformation X*. If the signal is 
strong enough, X* exceeds the activation threshold KXY and rapidly binds the Y promoter 
to activate transcription. "us, Y production begins shortly a#er Sx. "e accumulation of 
Y is described by our familiar dynamic equation with a term for production and another 
term for removal:

 
dY
dt X K YY XY Y= > −β θ α( * )

 
(3.4.2)

"e promoter of Z is governed by an AND-gate input function. "e AND gate can be 
described by a product of two step functions, because both regulators need to cross their 
activation threshold:

 production of Z X K Y KZ XZ YZ= > >β θ θ( * ) ( * ) (3.4.3)

"us, the C1-FFL gene circuit has three activation thresholds (numbers on the arrows). 
"e dynamics of Z are the balance of a production term with an AND input function and 
a removal term:

 
dZ
dt X K Y K ZZ XZ YZ Z= > > −β θ θ α( * ) ( * )

 
(3.4.4)

We now have the equations needed to study the C1-FFL.

3.5 THE C1-FFL IS A SIGN-SENSITIVE DELAY ELEMENT
To analyze the dynamics of the C1-FFL, we will consider the response to steps of Sx, in which 
the signal Sx is absent and then saturating Sx suddenly appears (ON steps). We will also 
consider OFF steps, in which Sx is suddenly removed. For simplicity, we assume throughout 
that the signal Sy is present, so that the transcription factor Y is in its active form:

 Y*  = Y (3.5.1)
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=
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cell–cell !uctuations due to variations in 
protein production rates. Hence, a robust 
design will have a threshold KYZ that 
is signi"cantly lower than Yst, to avoid 
these !uctuations. In bacteria, typical 
parameters provide delays TON that range 
from a few minutes to a few hours.

3.5.2  No Delay Following 
an OFF Step of Sx

We just saw that Z shows a delay following 
ON steps of Sx. We now consider OFF steps 
of Sx, in which Sx is suddenly removed 
(Figure 3.10). Following an OFF step, 
X becomes inactive and unbinds from the 
promoters of genes Y and Z. Because Z is 
governed by an AND gate, it only takes one 
input to go o$ in order to stop Z expression. %erefore, a&er an OFF step of Sx, Z production 
stops at once. %ere is no delay in Z dynamics a&er an OFF step (Figure 3.10).

3.5.3  The C1-FFL Is a Sign-Sensitive Delay Element
%e C1-FFL with AND logic shows a delay 
following ON steps of Sx, but not following 
OFF steps. %is type of behavior is called 
sign-sensitive delay, where sign-sensitive 
means that the delay depends on the sign 
of the step, ON or OFF.

A sign-sensitive delay element can also be 
considered as a kind of asymmetric "lter. For 
example, consider a pulse of Sx that appears 
only brie!y (an ON pulse) (Figure 3.11). An 
ON pulse that is shorter than the delay time, 
TON, does not lead to Z expression in the 
C1-FFL. %at is because Y does not have time to accumulate and cross its activation threshold 
during the pulse. Only persistent pulses (longer than TON) result in Z expression. %us, this type 
of FFL is a persistence detector for ON pulses. On the other hand, it responds immediately to 
OFF pulses. In contrast to the FFL, simple regulation (with no FFL) does not "lter out short 
input pulses, but rather shows production of Z that lasts as long as the input pulse is present.

3.5.4  Sign-Sensitive Delay Can Protect against Brief Input Fluctuations
Why might sign-sensitive delay be useful? For clues, we can turn to the uses of sign-sensitive 
delays in engineering. Engineers use sign-sensitive delay when the cost of an error is not 
symmetric. A familiar example occurs in elevators: consider the beam of light used to 
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• OFF Step of SX : there is no delay in downregulation of Y and Z. 

OFF Step

ON Step
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3.5.1 Delay Following an ON Step of Sx

Following an ON step of Sx, Y begins to be 
produced at rate βY. Hence, as we saw in 
Chapter 1, the concentration of Y begins to 
exponentially converge to its steady-state 
level Yst = βY/αY (Figure 3.8):

   Y Y est
tY* ( )= − −1 α     (3.5.2)

What about Z? Production of Z is 
governed by an AND input function, in 
which one input, X*, crosses its threshold 
as soon as Sx is added. But one input is 
not enough to activate an AND gate. 
!e second input, Y*, takes some time to 
accumulate and to cross the activation 
threshold, KYZ. !erefore, Z begins to be 
expressed only a"er a delay (Figure 3.8). 
!e delay, TON, is the time needed for Y* to 
reach its threshold. It can be seen graphically as the time when Y* concentration crosses the 
horizontal line at height KYZ. !e delay, TON, can be found using Equation 3.5.2:

 Y T Y e Kst
T

YZY*( ) ( )ON ON= − =−1 α
 (3.5.3)

which can be solved for TON, yielding:

 
T K YY YZ st

ON =
−

⎛

⎝
⎜⎜⎜⎜

⎞

⎠
⎟⎟⎟⎟

1 1
1α

log /  
(3.5.4)

!is equation describes how the duration of the delay depends on the biochemical 
parameters of the protein Y (Figure 3.9). !ese parameters are the removal rate of the 
protein, αY, and the ratio between its 
steady-state level Yst and its activation 
threshold KYZ. !e delay can, therefore, 
be tuned over evolutionary timescales by 
mutations that change these biochemical 
parameters.

Note that the delay TON diverges when 
the activation threshold KYZ exceeds the 
steady-state level of Y, because protein Y 
can never reach its threshold to activate Z 
(Figure 3.9). Recall that Yst is prone to 

FIGURE 3.8 

FIGURE 3.9 
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• We can calculate the delay TON  until Y= KYZ:

• Delay TON  can evolve independently as a function of      and KYZ
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• Simple induction of Y by X: 

• Simple induction of Z by Y shows a delay: 
• Z induction requires that Y accumulates to pass the activation threshold KYZ
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Figure 3 | The coherent type-1 feedforward loop (C1-FFL) and its dynamics. a | The C1-FFL with an AND input 
function shows delay after stimulus (SX) addition, and no delay after stimulus removal. It thus acts as a sign-sensitive 
filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
relative to a simple-regulation system that responds to the same input signal (the lac system, represented by blue 
squares). c | The C1-FFL with an OR-like input function in the flagella system of E. coli shows a delay after signal 
removal but not after the onset of signal (represented by orange circles). Deletion of the ‘Y’ gene (FliA) abolishes this 
delay (represented by purple squares). Z/Zst, Z concentration relative to the steady state Zst.
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• The C1-FFL with AND gate is a persistence detector and an asymmetric filter. 

Coherent type 1 FFL

• A short pulse of SX or X, ie. shorter than the delay TON, does not induce Z (because Y is below the activation threshold KXY) 
• Only a sufficiently persistent signal will activate Z.  
• Therefore the C1-FFL works as an asymmetric filter, so that only meaningful inputs cause a response.  

U. Alon Nature Genetics 8, 450-461 (2007)

• Computation/Function:

• Bacteria are exposed to a fluctuating environment. Cells respond to long enough changes in nutrient concentrations. 
• The delay TON is an internal representation of environmental fluctuations that help the system make good predictions.



Thomas LECUIT   2025-2026 Time (min) Time (min)
0 20 40 60 80 100 120 140 160

0.3
40

0.4

0.5

0.6

0.7

0.8

0.9

1

60 80 100 120 140 160
0

0.2

0.1

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Z/
Z st

Z/
Z st

1

10

Z = araBAD, 
araFGH

SX = cAMP

SY = arabinose

X

Y

20 30 40

0.1

0.2

0.3

0.4

0.5

0

0

0.5

1

Z
Y

In
pu

t S
x

Time (min)

Time

10 20 30 40

Time (min)

ON step of SX OFF step of SX

0.2

0.4

0.6

0.8

1

0

CRP

LacI

Z = lacZYA

SX = cAMP

SY = allolactose

AND

Z

0 2 4 6 8 10 12 14 16 18 20

0

0.5

1

0

0.5

1
a

b Arabinose system

SX X

Y

Z

FlhDC

FliA

OR

fliLMNOPQR

SX

SY

Z/
Z st

Z/
Z st

c

lacZYA

FliA deleted

araBAD

FliA present

SX 

Delay

AND

CRP

AraC

AND

ON step of SX OFF step of SXLac system

Figure 3 | The coherent type-1 feedforward loop (C1-FFL) and its dynamics. a | The C1-FFL with an AND input 
function shows delay after stimulus (SX) addition, and no delay after stimulus removal. It thus acts as a sign-sensitive 
filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
relative to a simple-regulation system that responds to the same input signal (the lac system, represented by blue 
squares). c | The C1-FFL with an OR-like input function in the flagella system of E. coli shows a delay after signal 
removal but not after the onset of signal (represented by orange circles). Deletion of the ‘Y’ gene (FliA) abolishes this 
delay (represented by purple squares). Z/Zst, Z concentration relative to the steady state Zst.

R E V I E W S

NATURE REVIEWS | GENETICS  VOLUME 8 | JUNE 2007 | 453

Coherent type 1 FFL

• Experimental test:  
• The Arabinose system: arabinose is 

an energetically unfavourable 
nutrient compared to glucose. 

• Activation of enzymes to digest 
arabinose requires the double 
detection of absence of glucose  
(presence of cAMP :X) AND the 
presence of arabinose (Y).  

• The C1-FFL with AND gate is a persistence detector 

U. Alon Nature Genetics 8, 450-461 (2007)

C1-FFL Control

• Experiments show a delay of ~20min for the 
induction (ON step). No delay for the OFF step. 
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• C1-FFL with OR gate is also an asymmetric filter. 
The removal of SX causes a delayed response.  

• In the simple regulation, there are no delay. 
• It protects against transient loss in input signal 

flagella gene-regulation network

Molecular Systems Biology (2005) doi: 10.1038/msb4l00010
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Incoherent type 1 FFL

CRP

GalS

galETK

cAMP

galactose

0

0.5

1

S X
Y

Z

Time

0

0.5

1

0

0.5

–1 –0.5 0 0.5 1 1.5 2 2.5

1

0

1

0.5

1.5

0 0.5 1 1.5 2 2.5 3 3.5 4

Time (cell generations)

Z/
Z st

Z/
Z st

0

0.5

1

1.5

2

0 1 2 3

c

b

a

Simple regulation

I1-FFL

TimeT1/2
I1-FFL

T1/2
(Simple regulation)

galE-WT

galE-mut

higher the activation threshold for the Z promoter by Y, 
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in the face of a transient loss of the input signal.
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genes are regulated in an FFL that has input functions 
that resemble OR gates (additive functions of the two 
activators FlhDC and FliA). The flagella FFL was found 
to prolong flagella gene expression after the input signal 
(active FlhDC) stopped, but no delay occurred when 
the input signal appeared. Mutations and conditions 
that inactivate the FliA gene in this FFL lead to a loss of 
this delay, resulting in immediate shut-off of the flagella 
genes once the input signal stops. The delay in the flag-
ella system, of about 1 hour, is comparable to the time 
that is needed for the biogenesis of a complete flagella 
motor.

The I1-FFL is a pulse generator and response accelerator. 
In the I1-FFL, the two arms of the FFL act in opposi-
tion: X activates Z, but also represses Z by activating the 
repressor Y (FIG. 2c). As a result, when a signal causes X 
to assume its active conformation, Z is rapidly produced 
(FIG. 4a). However, after some time, Y levels accumulate 
to reach the repression threshold for the Z promoter. As 
a result, Z production decreases and its concentration 
drops, resulting in pulse-like dynamics (FIG. 4b). In the 
extreme case that Y completely represses Z, the pulse 
drops to zero.

Pulse-like dynamics were experimentally demonstrated 
in a synthetic I1-FFL that was built of well-characterized 
bacterial regulators in E. coli35. In this FFL, the activa-
tor LuxR (X) was made to activate both a GFP reporter 
(Z) and the λ-repressor C1 (Y), which repressed the Z 
promoter.

In addition to pulse-like dynamics, the I1-FFL can 
carry out another dynamical function: response accel-
eration. In cases in which Y does not completely repress 

Figure 4 | The incoherent type-1 feeforward loop (I1-FFL) and its dynamics. 
a | The I1-FFL can generate a pulse of Z expression in response to a step stimulus of 
Sx. This occurs because once Y has passed its threshold (indicated by an orange 
circle) it starts to repress Z. b | The I1-FFL shows faster response time for the 
concentration of protein Z than a simple-regulation circuit with the same steady-
state expression level. c | An experimental study of the dynamics of the I1-FFL in the 
galactose system of E. coli. Response acceleration in the wild-type system (marked 
‘galE-WT’) is found following steps of the input signal (glucose starvation). The 
acceleration is disrupted when the effect of the repressor GalS is abolished by 
mutating its binding site in the promoter of the output gene operon galETK 
(marked ‘galE-mut’). T1/2, response time; Z/Zst, Z concentration relative to 
the steady state.
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Figure 3 | The coherent type-1 feedforward loop (C1-FFL) and its dynamics. a | The C1-FFL with an AND input 
function shows delay after stimulus (SX) addition, and no delay after stimulus removal. It thus acts as a sign-sensitive 
filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
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(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
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signal. A signal that appears only briefly does not allow 
Y to accumulate and cross its threshold, and thus does 
not induce a Z response. Only persistent signals lead to 
Z expression (FIG. 3a).

The sign-sensitive delay function of this motif has 
been experimentally demonstrated in the arabinose-
utilization system of E. coli9 (FIG. 3b). A delay occurs 
after addition of the input signal cAMP, but not after 
its removal. This delay, of about 20 min, is on the same 
timescale as spurious pulses of cAMP that occur in 
the natural environment when E. coli transits between 
growth conditions.

When the Z promoter has OR logic, the FFL has the 
opposite effect to the AND case we have just discussed: 
with an OR input function, the C1-FFL shows no delay 
after stimulation, but does show a delay when stimu-
lation stops. To see this, note that when the signal Sx 
appears, X alone is sufficient to activate Z because of the 
OR-gate logic. If the signal suddenly stops after a long 
period of stimulation, X is no longer active, but the pres-
ence of Y is still enough to allow production of Z. Thus, 
the C1-FFL with OR logic allows continued production 
in the face of a transient loss of the input signal.

This behaviour was experimentally demonstrated in 
the flagella system of E. coli 24 (FIG. 3c). The flagella motor 
genes are regulated in an FFL that has input functions 
that resemble OR gates (additive functions of the two 
activators FlhDC and FliA). The flagella FFL was found 
to prolong flagella gene expression after the input signal 
(active FlhDC) stopped, but no delay occurred when 
the input signal appeared. Mutations and conditions 
that inactivate the FliA gene in this FFL lead to a loss of 
this delay, resulting in immediate shut-off of the flagella 
genes once the input signal stops. The delay in the flag-
ella system, of about 1 hour, is comparable to the time 
that is needed for the biogenesis of a complete flagella 
motor.

The I1-FFL is a pulse generator and response accelerator. 
In the I1-FFL, the two arms of the FFL act in opposi-
tion: X activates Z, but also represses Z by activating the 
repressor Y (FIG. 2c). As a result, when a signal causes X 
to assume its active conformation, Z is rapidly produced 
(FIG. 4a). However, after some time, Y levels accumulate 
to reach the repression threshold for the Z promoter. As 
a result, Z production decreases and its concentration 
drops, resulting in pulse-like dynamics (FIG. 4b). In the 
extreme case that Y completely represses Z, the pulse 
drops to zero.

Pulse-like dynamics were experimentally demonstrated 
in a synthetic I1-FFL that was built of well-characterized 
bacterial regulators in E. coli35. In this FFL, the activa-
tor LuxR (X) was made to activate both a GFP reporter 
(Z) and the λ-repressor C1 (Y), which repressed the Z 
promoter.

In addition to pulse-like dynamics, the I1-FFL can 
carry out another dynamical function: response accel-
eration. In cases in which Y does not completely repress 

Figure 4 | The incoherent type-1 feeforward loop (I1-FFL) and its dynamics. 
a | The I1-FFL can generate a pulse of Z expression in response to a step stimulus of 
Sx. This occurs because once Y has passed its threshold (indicated by an orange 
circle) it starts to repress Z. b | The I1-FFL shows faster response time for the 
concentration of protein Z than a simple-regulation circuit with the same steady-
state expression level. c | An experimental study of the dynamics of the I1-FFL in the 
galactose system of E. coli. Response acceleration in the wild-type system (marked 
‘galE-WT’) is found following steps of the input signal (glucose starvation). The 
acceleration is disrupted when the effect of the repressor GalS is abolished by 
mutating its binding site in the promoter of the output gene operon galETK 
(marked ‘galE-mut’). T1/2, response time; Z/Zst, Z concentration relative to 
the steady state.
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that inactivate the FliA gene in this FFL lead to a loss of 
this delay, resulting in immediate shut-off of the flagella 
genes once the input signal stops. The delay in the flag-
ella system, of about 1 hour, is comparable to the time 
that is needed for the biogenesis of a complete flagella 
motor.

The I1-FFL is a pulse generator and response accelerator. 
In the I1-FFL, the two arms of the FFL act in opposi-
tion: X activates Z, but also represses Z by activating the 
repressor Y (FIG. 2c). As a result, when a signal causes X 
to assume its active conformation, Z is rapidly produced 
(FIG. 4a). However, after some time, Y levels accumulate 
to reach the repression threshold for the Z promoter. As 
a result, Z production decreases and its concentration 
drops, resulting in pulse-like dynamics (FIG. 4b). In the 
extreme case that Y completely represses Z, the pulse 
drops to zero.

Pulse-like dynamics were experimentally demonstrated 
in a synthetic I1-FFL that was built of well-characterized 
bacterial regulators in E. coli35. In this FFL, the activa-
tor LuxR (X) was made to activate both a GFP reporter 
(Z) and the λ-repressor C1 (Y), which repressed the Z 
promoter.

In addition to pulse-like dynamics, the I1-FFL can 
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Figure 4 | The incoherent type-1 feeforward loop (I1-FFL) and its dynamics. 
a | The I1-FFL can generate a pulse of Z expression in response to a step stimulus of 
Sx. This occurs because once Y has passed its threshold (indicated by an orange 
circle) it starts to repress Z. b | The I1-FFL shows faster response time for the 
concentration of protein Z than a simple-regulation circuit with the same steady-
state expression level. c | An experimental study of the dynamics of the I1-FFL in the 
galactose system of E. coli. Response acceleration in the wild-type system (marked 
‘galE-WT’) is found following steps of the input signal (glucose starvation). The 
acceleration is disrupted when the effect of the repressor GalS is abolished by 
mutating its binding site in the promoter of the output gene operon galETK 
(marked ‘galE-mut’). T1/2, response time; Z/Zst, Z concentration relative to 
the steady state.
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Figure 3 | The coherent type-1 feedforward loop (C1-FFL) and its dynamics. a | The C1-FFL with an AND input 
function shows delay after stimulus (SX) addition, and no delay after stimulus removal. It thus acts as a sign-sensitive 
filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
relative to a simple-regulation system that responds to the same input signal (the lac system, represented by blue 
squares). c | The C1-FFL with an OR-like input function in the flagella system of E. coli shows a delay after signal 
removal but not after the onset of signal (represented by orange circles). Deletion of the ‘Y’ gene (FliA) abolishes this 
delay (represented by purple squares). Z/Zst, Z concentration relative to the steady state Zst.
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filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
relative to a simple-regulation system that responds to the same input signal (the lac system, represented by blue 
squares). c | The C1-FFL with an OR-like input function in the flagella system of E. coli shows a delay after signal 
removal but not after the onset of signal (represented by orange circles). Deletion of the ‘Y’ gene (FliA) abolishes this 
delay (represented by purple squares). Z/Zst, Z concentration relative to the steady state Zst.

R E V I E W S

NATURE REVIEWS | GENETICS  VOLUME 8 | JUNE 2007 | 453

Time (min) Time (min)
0 20 40 60 80 100 120 140 160

0.3
40

0.4

0.5

0.6

0.7

0.8

0.9

1

60 80 100 120 140 160
0

0.2

0.1

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Z/
Z st

Z/
Z st

1

10

Z = araBAD, 
araFGH

SX = cAMP

SY = arabinose

X

Y

20 30 40

0.1

0.2

0.3

0.4

0.5

0

0

0.5

1

Z
Y

In
pu

t S
x

Time (min)

Time

10 20 30 40

Time (min)

ON step of SX OFF step of SX

0.2

0.4

0.6

0.8

1

0

CRP

LacI

Z = lacZYA

SX = cAMP

SY = allolactose

AND

Z

0 2 4 6 8 10 12 14 16 18 20

0

0.5

1

0

0.5

1
a

b Arabinose system

SX X

Y

Z

FlhDC

FliA

OR

fliLMNOPQR

SX

SY

Z/
Z st

Z/
Z st

c

lacZYA

FliA deleted

araBAD

FliA present

SX 

Delay

AND

CRP

AraC

AND

ON step of SX OFF step of SXLac system

Figure 3 | The coherent type-1 feedforward loop (C1-FFL) and its dynamics. a | The C1-FFL with an AND input 
function shows delay after stimulus (SX) addition, and no delay after stimulus removal. It thus acts as a sign-sensitive 
filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
relative to a simple-regulation system that responds to the same input signal (the lac system, represented by blue 
squares). c | The C1-FFL with an OR-like input function in the flagella system of E. coli shows a delay after signal 
removal but not after the onset of signal (represented by orange circles). Deletion of the ‘Y’ gene (FliA) abolishes this 
delay (represented by purple squares). Z/Zst, Z concentration relative to the steady state Zst.

R E V I E W S

NATURE REVIEWS | GENETICS  VOLUME 8 | JUNE 2007 | 453

Time (min) Time (min)
0 20 40 60 80 100 120 140 160

0.3
40

0.4

0.5

0.6

0.7

0.8

0.9

1

60 80 100 120 140 160
0

0.2

0.1

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Z/
Z st

Z/
Z st

1

10

Z = araBAD, 
araFGH

SX = cAMP

SY = arabinose

X

Y

20 30 40

0.1

0.2

0.3

0.4

0.5

0

0

0.5

1
Z

Y
In

pu
t S

x

Time (min)

Time

10 20 30 40

Time (min)

ON step of SX OFF step of SX

0.2

0.4

0.6

0.8

1

0

CRP

LacI

Z = lacZYA

SX = cAMP

SY = allolactose

AND

Z

0 2 4 6 8 10 12 14 16 18 20

0

0.5

1

0

0.5

1
a

b Arabinose system

SX X

Y

Z

FlhDC

FliA

OR

fliLMNOPQR

SX

SY

Z/
Z st

Z/
Z st

c

lacZYA

FliA deleted

araBAD

FliA present

SX 

Delay

AND

CRP

AraC

AND

ON step of SX OFF step of SXLac system

Figure 3 | The coherent type-1 feedforward loop (C1-FFL) and its dynamics. a | The C1-FFL with an AND input 
function shows delay after stimulus (SX) addition, and no delay after stimulus removal. It thus acts as a sign-sensitive 
filter, which responds only to persistent stimuli. b | An experimental study of the C1-FFL in the arabinose system of 
Escherichia coli, using fluorescent-reporter strains and high-resolution measurements in living cells. This system 
(represented by red circles) shows a delay after addition of the input signal (cAMP), and no delay after its removal, 
relative to a simple-regulation system that responds to the same input signal (the lac system, represented by blue 
squares). c | The C1-FFL with an OR-like input function in the flagella system of E. coli shows a delay after signal 
removal but not after the onset of signal (represented by orange circles). Deletion of the ‘Y’ gene (FliA) abolishes this 
delay (represented by purple squares). Z/Zst, Z concentration relative to the steady state Zst.

R E V I E W S

NATURE REVIEWS | GENETICS  VOLUME 8 | JUNE 2007 | 453

• This motif can use a strong activation 
dynamics of Z by X with a strong 
promoter/synthesis rate. 

• Y is also induced (at a slower rate). 
When Y passes the activation threshold, 
it represses Z to a steady state.  

• This results in a pulse of expression of Z. 

• The shape of the pulse depends on tuning 
of the activation threshold of Y (KXY) and 
activation strength of Z by X/SX  (βZ)

• Computation/Function: a pulse generator and response accelerator
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higher the activation threshold for the Z promoter by Y, 
the longer the delay. The delay that is generated by the 
FFL can be useful to filter out brief spurious pulses of 
signal. A signal that appears only briefly does not allow 
Y to accumulate and cross its threshold, and thus does 
not induce a Z response. Only persistent signals lead to 
Z expression (FIG. 3a).

The sign-sensitive delay function of this motif has 
been experimentally demonstrated in the arabinose-
utilization system of E. coli9 (FIG. 3b). A delay occurs 
after addition of the input signal cAMP, but not after 
its removal. This delay, of about 20 min, is on the same 
timescale as spurious pulses of cAMP that occur in 
the natural environment when E. coli transits between 
growth conditions.

When the Z promoter has OR logic, the FFL has the 
opposite effect to the AND case we have just discussed: 
with an OR input function, the C1-FFL shows no delay 
after stimulation, but does show a delay when stimu-
lation stops. To see this, note that when the signal Sx 
appears, X alone is sufficient to activate Z because of the 
OR-gate logic. If the signal suddenly stops after a long 
period of stimulation, X is no longer active, but the pres-
ence of Y is still enough to allow production of Z. Thus, 
the C1-FFL with OR logic allows continued production 
in the face of a transient loss of the input signal.

This behaviour was experimentally demonstrated in 
the flagella system of E. coli24 (FIG. 3c). The flagella motor 
genes are regulated in an FFL that has input functions 
that resemble OR gates (additive functions of the two 
activators FlhDC and FliA). The flagella FFL was found 
to prolong flagella gene expression after the input signal 
(active FlhDC) stopped, but no delay occurred when 
the input signal appeared. Mutations and conditions 
that inactivate the FliA gene in this FFL lead to a loss of 
this delay, resulting in immediate shut-off of the flagella 
genes once the input signal stops. The delay in the flag-
ella system, of about 1 hour, is comparable to the time 
that is needed for the biogenesis of a complete flagella 
motor.

The I1-FFL is a pulse generator and response accelerator. 
In the I1-FFL, the two arms of the FFL act in opposi-
tion: X activates Z, but also represses Z by activating the 
repressor Y (FIG. 2c). As a result, when a signal causes X 
to assume its active conformation, Z is rapidly produced 
(FIG. 4a). However, after some time, Y levels accumulate 
to reach the repression threshold for the Z promoter. As 
a result, Z production decreases and its concentration 
drops, resulting in pulse-like dynamics (FIG. 4b). In the 
extreme case that Y completely represses Z, the pulse 
drops to zero.

Pulse-like dynamics were experimentally demonstrated 
in a synthetic I1-FFL that was built of well-characterized 
bacterial regulators in E. coli35. In this FFL, the activa-
tor LuxR (X) was made to activate both a GFP reporter 
(Z) and the λ-repressor C1 (Y), which repressed the Z 
promoter.

In addition to pulse-like dynamics, the I1-FFL can 
carry out another dynamical function: response accel-
eration. In cases in which Y does not completely repress 

Figure 4 | The incoherent type-1 feeforward loop (I1-FFL) and its dynamics. 
a | The I1-FFL can generate a pulse of Z expression in response to a step stimulus of 
Sx. This occurs because once Y has passed its threshold (indicated by an orange 
circle) it starts to repress Z. b | The I1-FFL shows faster response time for the 
concentration of protein Z than a simple-regulation circuit with the same steady-
state expression level. c | An experimental study of the dynamics of the I1-FFL in the 
galactose system of E. coli. Response acceleration in the wild-type system (marked 
‘galE-WT’) is found following steps of the input signal (glucose starvation). The 
acceleration is disrupted when the effect of the repressor GalS is abolished by 
mutating its binding site in the promoter of the output gene operon galETK 
(marked ‘galE-mut’). T1/2, response time; Z/Zst, Z concentration relative to 
the steady state.
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Incoherent type 1 FFL

• Computation/Function: a pulse generator and response accelerator
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signal. A signal that appears only briefly does not allow 
Y to accumulate and cross its threshold, and thus does 
not induce a Z response. Only persistent signals lead to 
Z expression (FIG. 3a).
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been experimentally demonstrated in the arabinose-
utilization system of E. coli9 (FIG. 3b). A delay occurs 
after addition of the input signal cAMP, but not after 
its removal. This delay, of about 20 min, is on the same 
timescale as spurious pulses of cAMP that occur in 
the natural environment when E. coli transits between 
growth conditions.
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opposite effect to the AND case we have just discussed: 
with an OR input function, the C1-FFL shows no delay 
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lation stops. To see this, note that when the signal Sx 
appears, X alone is sufficient to activate Z because of the 
OR-gate logic. If the signal suddenly stops after a long 
period of stimulation, X is no longer active, but the pres-
ence of Y is still enough to allow production of Z. Thus, 
the C1-FFL with OR logic allows continued production 
in the face of a transient loss of the input signal.

This behaviour was experimentally demonstrated in 
the flagella system of E. coli24 (FIG. 3c). The flagella motor 
genes are regulated in an FFL that has input functions 
that resemble OR gates (additive functions of the two 
activators FlhDC and FliA). The flagella FFL was found 
to prolong flagella gene expression after the input signal 
(active FlhDC) stopped, but no delay occurred when 
the input signal appeared. Mutations and conditions 
that inactivate the FliA gene in this FFL lead to a loss of 
this delay, resulting in immediate shut-off of the flagella 
genes once the input signal stops. The delay in the flag-
ella system, of about 1 hour, is comparable to the time 
that is needed for the biogenesis of a complete flagella 
motor.

The I1-FFL is a pulse generator and response accelerator. 
In the I1-FFL, the two arms of the FFL act in opposi-
tion: X activates Z, but also represses Z by activating the 
repressor Y (FIG. 2c). As a result, when a signal causes X 
to assume its active conformation, Z is rapidly produced 
(FIG. 4a). However, after some time, Y levels accumulate 
to reach the repression threshold for the Z promoter. As 
a result, Z production decreases and its concentration 
drops, resulting in pulse-like dynamics (FIG. 4b). In the 
extreme case that Y completely represses Z, the pulse 
drops to zero.

Pulse-like dynamics were experimentally demonstrated 
in a synthetic I1-FFL that was built of well-characterized 
bacterial regulators in E. coli35. In this FFL, the activa-
tor LuxR (X) was made to activate both a GFP reporter 
(Z) and the λ-repressor C1 (Y), which repressed the Z 
promoter.

In addition to pulse-like dynamics, the I1-FFL can 
carry out another dynamical function: response accel-
eration. In cases in which Y does not completely repress 

Figure 4 | The incoherent type-1 feeforward loop (I1-FFL) and its dynamics. 
a | The I1-FFL can generate a pulse of Z expression in response to a step stimulus of 
Sx. This occurs because once Y has passed its threshold (indicated by an orange 
circle) it starts to repress Z. b | The I1-FFL shows faster response time for the 
concentration of protein Z than a simple-regulation circuit with the same steady-
state expression level. c | An experimental study of the dynamics of the I1-FFL in the 
galactose system of E. coli. Response acceleration in the wild-type system (marked 
‘galE-WT’) is found following steps of the input signal (glucose starvation). The 
acceleration is disrupted when the effect of the repressor GalS is abolished by 
mutating its binding site in the promoter of the output gene operon galETK 
(marked ‘galE-mut’). T1/2, response time; Z/Zst, Z concentration relative to 
the steady state.
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• Experimental test:  
• The galactose system: galactose is an 

energetically unfavourable carbon source 
• The absence of glucose (presence of cAMP) 

AND of galactose are detected to induce 
enzymes to metabolise galactose. When 
galactose is present, enzymes are available. 

• Response acceleration: 
• Rapid initial activation of Z by X that is later 

turned off by a delayed repression by Y.  
• Simple regulation is slower to reach same steady 

state. 

48   ◾   An Introduction to Systems Biology

!us, the I1-FFL generates a pulse of output 
in response to a step of input (Figure 3.14).

Such a pulse is seen, for example, in 
the system that signals mammalian cells 
to divide in response to the proliferation 
signal EGF (Amit et al., 2007). In response 
to a step stimulation of EGF, an I1-FFL 
generates a pulse of early response genes 
(Z1 in Figure 3.15). Interestingly, the 
I1-FFL is linked with a C1-FFL that causes 
other genes to turn on at a delay relative 
to the early genes (Z2 in Figure 3.15). !e 
temporal pulse generated by the I1-FFL in 
response to a step input can be thought of 
as being similar to a temporal derivative of 
the input signal. In fact, the I1-FFL can respond to relative changes in input, a property that 
we will explore in Chapter 10.

3.7.1  The Incoherent FFL Can Speed Response Times
A pulse is found when Y strongly represses 
Z. If Y only partially represses Z, the pulse 
does not go down to baseline but instead 
converges to a steady state, Zst, determined 
by the relative strengths of the activation 
by X and the repression by Y. In this case, 
the I1-FFL can be compared to simple 
regulation that reaches the same Zst. !e 
I1-FFL speeds responses relative to simple 
regulation (Figure 3.16). !is is because 
it allows a rapid rise (when Y is still low), 
which is stopped by Y to reach the desired 
Zst. !e principle is similar to the strong 
motor and strong breaks we saw for 
negative autoregulation. !e speedup is 
greater the stronger the repression by Y, as 
calculated in solved Exercise 3.13.

An experimental study of I1-FFL 
speedup is shown in Figure 3.17. !is 
experiment employed the system which 
enables E. coli to grow on the sugar 
galactose as a carbon and energy source. 
As in other sugar systems, the genes in the 
galactose system are not highly expressed 
in the presence of glucose, a superior 
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Sensory system networks 
• 1-2 nodes networks: 

Simple regulation and autoregulation: response accelerator 
• 3 nodes networks: Feedforward loops: Persistence detector, pulse 

generator, response accelerator 
• Programmes (temporal, combinatorial)  

Single input modules (SIMs) 
Feedforward circuits (multi FFLs) 
Dense overlapping regulons (DORs) 

Developmental networks: 
• Bistable networks: Memory 
• Fold change detector

Network motifs
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Single input module (SIM): temporal programme
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the production of Z, Z concentration reaches a certain 
non-zero steady-state level. Because of the strong initial 
production of Z in the time period before Y represses 
the Z promoter, Z reaches its steady-state rapidly. The 
response time is shorter than that of a corresponding 
simple-regulation system (FIG. 4c). Note that, although both 
NAR and I1-FFLs can speed up responses, NAR works 
only on transcription factors (or genes that lie on the 
same operon with transcription factors), whereas 
the I1-FFL can accelerate any target gene Z.

Such response acceleration was observed experimen-
tally in the galactose utilization system of E. coli36 (FIG. 4c). 
Here onset of glucose starvation in the absence of galac-
tose leads to a rapid induction of the galactose-utilization 
genes to a moderate level of expression. The response 
time of this system is about threefold faster than that of 
a simple-regulation system that responds to the same 
signal (the lac system). This speed-up was dependent 
on the I1-FFL: in mutants and conditions in which the 
motif was disrupted, speed-up was abolished and 
the dynamics resembled simple regulation (FIG. 4c).

Note that network motifs can utilize not only 
transcription factor proteins but also microRNAs 
(miRNAs)37. For example, an I1-FFL in mammalian 
cells involves MYC as activator X, E2F1 as the target 
gene Z, and a miRNA in the role of the repressor Y38. 
Diverse FFL motifs with miRNAs have been found in 
Caenorhabditis elegans39.

The NAR and PAR network motifs are sometimes 
integrated into FFLs, usually on the regulator Y. These 
regulatory loops can help to speed up or slow down the 
response time of Y, enhancing the behaviour of the FFLs.

The dynamical functions of FFLs can be tuned by 
varying the molecular parameters of the circuit. Changes 
in parameters such as the production rates or the activa-
tion thresholds of the regulators can, as mentioned above, 
determine the delay in the C1-FFL, or the acceleration 
factor of the I1-FFL. This tuning can be captured by 
simple models1,9,34,36. Similar functions can, in principle, 
be accomplished by other circuits that resemble FFLs, 
but with longer branches that diverge and then merge 

back. However, such larger circuits are rarely found in 
known transcription networks. The FFL can poten-
tially perform additional computational functions, as 
suggested by theoretical analyses40–43.

Multi-output FFLs. The FFLs in transcription networks 
tend to combine to form multi-output FFLs6,44,45, in 
which X and Y regulate multiple output genes Z1,Z2,…Zn. 
In these configurations, each of the output genes benefits 
from the dynamical functions that are described above. 
In addition, the multi-output FFL can generate temporal 
orders of gene activation and inactivation by means of 
a hierarchy of regulation thresholds for the different 
promoters. This was experimentally demonstrated using 
the flagella genes31: mutations in the promoter regions 
that changed the activation thresholds were able to 
reprogramme the temporal order of the genes31. Further 
experimental tests of the dynamical behaviour of FFLs 
in living cells would be of great interest, especially in 
organisms other than E. coli.

Single-input modules (SIM)
Our third family of network motifs have a simple pattern 
in which a regulator X regulates a group of target genes 
(FIG. 5a). In the purest form, no other regulator regulates 
any of these genes, hence the name single-input module. 
X also typically regulates itself.

The main function of this motif is to allow coordinated 
expression of a group of genes with shared function. 
In addition, this motif has a more subtle dynamical 
property that is similar to that of the multi-output FFLs 
that are discussed above: it can generate a temporal 
expression programme, with a defined order of activa-
tion of each of the target promoters. X often has different 
activation thresholds for each gene, owing to variations 
in the sequence and context of its binding site in each 
promoter. So, when X activity rises gradually with time, 
it crosses these thresholds in a defined order, first the 
lowest threshold, then the next lowest threshold, an so 
on, resulting in a temporal order of expression (FIG. 5b). 
Similar reasoning applies when X acts as a repressor.

Figure 5 | The single-input module (SIM) network motif and its dynamics. a | The single-input module (SIM) 
network motif, and an example from the arginine-biosynthesis system. b | Temporal order of expression in a SIM. As 
the activity of the master regulator X changes in time, it crosses the different activation threshold of the genes in the 
SIM at different times, generating a temporal order of expression. 
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• Computation/Function: coordinated expression of different genes with shared function

• All genes are regulated by common 
«master » regulator X 

• X is often autoregulatory.
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Single input module (SIM): temporal programme
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the production of Z, Z concentration reaches a certain 
non-zero steady-state level. Because of the strong initial 
production of Z in the time period before Y represses 
the Z promoter, Z reaches its steady-state rapidly. The 
response time is shorter than that of a corresponding 
simple-regulation system (FIG. 4c). Note that, although both 
NAR and I1-FFLs can speed up responses, NAR works 
only on transcription factors (or genes that lie on the 
same operon with transcription factors), whereas 
the I1-FFL can accelerate any target gene Z.

Such response acceleration was observed experimen-
tally in the galactose utilization system of E. coli36 (FIG. 4c). 
Here onset of glucose starvation in the absence of galac-
tose leads to a rapid induction of the galactose-utilization 
genes to a moderate level of expression. The response 
time of this system is about threefold faster than that of 
a simple-regulation system that responds to the same 
signal (the lac system). This speed-up was dependent 
on the I1-FFL: in mutants and conditions in which the 
motif was disrupted, speed-up was abolished and 
the dynamics resembled simple regulation (FIG. 4c).

Note that network motifs can utilize not only 
transcription factor proteins but also microRNAs 
(miRNAs)37. For example, an I1-FFL in mammalian 
cells involves MYC as activator X, E2F1 as the target 
gene Z, and a miRNA in the role of the repressor Y38. 
Diverse FFL motifs with miRNAs have been found in 
Caenorhabditis elegans39.

The NAR and PAR network motifs are sometimes 
integrated into FFLs, usually on the regulator Y. These 
regulatory loops can help to speed up or slow down the 
response time of Y, enhancing the behaviour of the FFLs.

The dynamical functions of FFLs can be tuned by 
varying the molecular parameters of the circuit. Changes 
in parameters such as the production rates or the activa-
tion thresholds of the regulators can, as mentioned above, 
determine the delay in the C1-FFL, or the acceleration 
factor of the I1-FFL. This tuning can be captured by 
simple models1,9,34,36. Similar functions can, in principle, 
be accomplished by other circuits that resemble FFLs, 
but with longer branches that diverge and then merge 

back. However, such larger circuits are rarely found in 
known transcription networks. The FFL can poten-
tially perform additional computational functions, as 
suggested by theoretical analyses40–43.

Multi-output FFLs. The FFLs in transcription networks 
tend to combine to form multi-output FFLs6,44,45, in 
which X and Y regulate multiple output genes Z1,Z2,…Zn. 
In these configurations, each of the output genes benefits 
from the dynamical functions that are described above. 
In addition, the multi-output FFL can generate temporal 
orders of gene activation and inactivation by means of 
a hierarchy of regulation thresholds for the different 
promoters. This was experimentally demonstrated using 
the flagella genes31: mutations in the promoter regions 
that changed the activation thresholds were able to 
reprogramme the temporal order of the genes31. Further 
experimental tests of the dynamical behaviour of FFLs 
in living cells would be of great interest, especially in 
organisms other than E. coli.

Single-input modules (SIM)
Our third family of network motifs have a simple pattern 
in which a regulator X regulates a group of target genes 
(FIG. 5a). In the purest form, no other regulator regulates 
any of these genes, hence the name single-input module. 
X also typically regulates itself.

The main function of this motif is to allow coordinated 
expression of a group of genes with shared function. 
In addition, this motif has a more subtle dynamical 
property that is similar to that of the multi-output FFLs 
that are discussed above: it can generate a temporal 
expression programme, with a defined order of activa-
tion of each of the target promoters. X often has different 
activation thresholds for each gene, owing to variations 
in the sequence and context of its binding site in each 
promoter. So, when X activity rises gradually with time, 
it crosses these thresholds in a defined order, first the 
lowest threshold, then the next lowest threshold, an so 
on, resulting in a temporal order of expression (FIG. 5b). 
Similar reasoning applies when X acts as a repressor.

Figure 5 | The single-input module (SIM) network motif and its dynamics. a | The single-input module (SIM) 
network motif, and an example from the arginine-biosynthesis system. b | Temporal order of expression in a SIM. As 
the activity of the master regulator X changes in time, it crosses the different activation threshold of the genes in the 
SIM at different times, generating a temporal order of expression. 
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the production of Z, Z concentration reaches a certain 
non-zero steady-state level. Because of the strong initial 
production of Z in the time period before Y represses 
the Z promoter, Z reaches its steady-state rapidly. The 
response time is shorter than that of a corresponding 
simple-regulation system (FIG. 4c). Note that, although both 
NAR and I1-FFLs can speed up responses, NAR works 
only on transcription factors (or genes that lie on the 
same operon with transcription factors), whereas 
the I1-FFL can accelerate any target gene Z.

Such response acceleration was observed experimen-
tally in the galactose utilization system of E. coli36 (FIG. 4c). 
Here onset of glucose starvation in the absence of galac-
tose leads to a rapid induction of the galactose-utilization 
genes to a moderate level of expression. The response 
time of this system is about threefold faster than that of 
a simple-regulation system that responds to the same 
signal (the lac system). This speed-up was dependent 
on the I1-FFL: in mutants and conditions in which the 
motif was disrupted, speed-up was abolished and 
the dynamics resembled simple regulation (FIG. 4c).

Note that network motifs can utilize not only 
transcription factor proteins but also microRNAs 
(miRNAs)37. For example, an I1-FFL in mammalian 
cells involves MYC as activator X, E2F1 as the target 
gene Z, and a miRNA in the role of the repressor Y38. 
Diverse FFL motifs with miRNAs have been found in 
Caenorhabditis elegans39.

The NAR and PAR network motifs are sometimes 
integrated into FFLs, usually on the regulator Y. These 
regulatory loops can help to speed up or slow down the 
response time of Y, enhancing the behaviour of the FFLs.

The dynamical functions of FFLs can be tuned by 
varying the molecular parameters of the circuit. Changes 
in parameters such as the production rates or the activa-
tion thresholds of the regulators can, as mentioned above, 
determine the delay in the C1-FFL, or the acceleration 
factor of the I1-FFL. This tuning can be captured by 
simple models1,9,34,36. Similar functions can, in principle, 
be accomplished by other circuits that resemble FFLs, 
but with longer branches that diverge and then merge 

back. However, such larger circuits are rarely found in 
known transcription networks. The FFL can poten-
tially perform additional computational functions, as 
suggested by theoretical analyses40–43.

Multi-output FFLs. The FFLs in transcription networks 
tend to combine to form multi-output FFLs6,44,45, in 
which X and Y regulate multiple output genes Z1,Z2,…Zn. 
In these configurations, each of the output genes benefits 
from the dynamical functions that are described above. 
In addition, the multi-output FFL can generate temporal 
orders of gene activation and inactivation by means of 
a hierarchy of regulation thresholds for the different 
promoters. This was experimentally demonstrated using 
the flagella genes31: mutations in the promoter regions 
that changed the activation thresholds were able to 
reprogramme the temporal order of the genes31. Further 
experimental tests of the dynamical behaviour of FFLs 
in living cells would be of great interest, especially in 
organisms other than E. coli.

Single-input modules (SIM)
Our third family of network motifs have a simple pattern 
in which a regulator X regulates a group of target genes 
(FIG. 5a). In the purest form, no other regulator regulates 
any of these genes, hence the name single-input module. 
X also typically regulates itself.

The main function of this motif is to allow coordinated 
expression of a group of genes with shared function. 
In addition, this motif has a more subtle dynamical 
property that is similar to that of the multi-output FFLs 
that are discussed above: it can generate a temporal 
expression programme, with a defined order of activa-
tion of each of the target promoters. X often has different 
activation thresholds for each gene, owing to variations 
in the sequence and context of its binding site in each 
promoter. So, when X activity rises gradually with time, 
it crosses these thresholds in a defined order, first the 
lowest threshold, then the next lowest threshold, an so 
on, resulting in a temporal order of expression (FIG. 5b). 
Similar reasoning applies when X acts as a repressor.

Figure 5 | The single-input module (SIM) network motif and its dynamics. a | The single-input module (SIM) 
network motif, and an example from the arginine-biosynthesis system. b | Temporal order of expression in a SIM. As 
the activity of the master regulator X changes in time, it crosses the different activation threshold of the genes in the 
SIM at different times, generating a temporal order of expression. 
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• Independent tuning of delay times (eg. activation thresholds) for different 
target genes Zi (eg. promoter sequences) allow sequential expression of 
target genes in response to rising input X.

• Computation/Function: coordinated expression of different genes with shared function

• If X is itself a pulse (eg. as output 
of I1-FFL) then target genes have 
a specific temporal programme.  

• The Last IN is the First OUT (LIFO)
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order of 0.1 generation between genes (about 5–10 min). In these pathways, the temporal 
order of the genes corresponds to the order of the reactions in the pathway: the !rst gene in 
the pathway is made !rst, then the second, and so on. "is mechanism avoids expression of 
proteins before they are needed, a principle called just-in-time production.

"e temporal order generated by a SIM can be varied by mutations that change the 
thresholds of the genes. For example, mutations in the binding site of X in the promoter 
of a gene can change the threshold, and accordingly change the order of expression (Kalir 
and Alon, 2004).

Temporal order is found also in damage repair systems controlled by SIMs. In damage 
repair systems, turn-ON is usually fast because the damage signal appears sharply, activating 
the regulator rapidly in order to mobilize repair processes. As damage is repaired, the input 
signal of the regulator declines and the genes get turned o# gradually, reaching 50% of 
their maximal promoter activity at di#erent times. In the SOS DNA repair system, for 
example, the genes responsible for the mildest form of repair are turned o# !rst, and those 
responsible for more severe damage repair are turned o# later (Ronen et$al., 2002).

Temporal order also characterizes a large number of other global cellular responses. 
Examples include genes timed throughout the cell cycle in bacteria (Laub et$al., 2000; 
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the production of Z, Z concentration reaches a certain 
non-zero steady-state level. Because of the strong initial 
production of Z in the time period before Y represses 
the Z promoter, Z reaches its steady-state rapidly. The 
response time is shorter than that of a corresponding 
simple-regulation system (FIG. 4c). Note that, although both 
NAR and I1-FFLs can speed up responses, NAR works 
only on transcription factors (or genes that lie on the 
same operon with transcription factors), whereas 
the I1-FFL can accelerate any target gene Z.

Such response acceleration was observed experimen-
tally in the galactose utilization system of E. coli36 (FIG. 4c). 
Here onset of glucose starvation in the absence of galac-
tose leads to a rapid induction of the galactose-utilization 
genes to a moderate level of expression. The response 
time of this system is about threefold faster than that of 
a simple-regulation system that responds to the same 
signal (the lac system). This speed-up was dependent 
on the I1-FFL: in mutants and conditions in which the 
motif was disrupted, speed-up was abolished and 
the dynamics resembled simple regulation (FIG. 4c).

Note that network motifs can utilize not only 
transcription factor proteins but also microRNAs 
(miRNAs)37. For example, an I1-FFL in mammalian 
cells involves MYC as activator X, E2F1 as the target 
gene Z, and a miRNA in the role of the repressor Y38. 
Diverse FFL motifs with miRNAs have been found in 
Caenorhabditis elegans39.

The NAR and PAR network motifs are sometimes 
integrated into FFLs, usually on the regulator Y. These 
regulatory loops can help to speed up or slow down the 
response time of Y, enhancing the behaviour of the FFLs.

The dynamical functions of FFLs can be tuned by 
varying the molecular parameters of the circuit. Changes 
in parameters such as the production rates or the activa-
tion thresholds of the regulators can, as mentioned above, 
determine the delay in the C1-FFL, or the acceleration 
factor of the I1-FFL. This tuning can be captured by 
simple models1,9,34,36. Similar functions can, in principle, 
be accomplished by other circuits that resemble FFLs, 
but with longer branches that diverge and then merge 

back. However, such larger circuits are rarely found in 
known transcription networks. The FFL can poten-
tially perform additional computational functions, as 
suggested by theoretical analyses40–43.

Multi-output FFLs. The FFLs in transcription networks 
tend to combine to form multi-output FFLs6,44,45, in 
which X and Y regulate multiple output genes Z1,Z2,…Zn. 
In these configurations, each of the output genes benefits 
from the dynamical functions that are described above. 
In addition, the multi-output FFL can generate temporal 
orders of gene activation and inactivation by means of 
a hierarchy of regulation thresholds for the different 
promoters. This was experimentally demonstrated using 
the flagella genes31: mutations in the promoter regions 
that changed the activation thresholds were able to 
reprogramme the temporal order of the genes31. Further 
experimental tests of the dynamical behaviour of FFLs 
in living cells would be of great interest, especially in 
organisms other than E. coli.

Single-input modules (SIM)
Our third family of network motifs have a simple pattern 
in which a regulator X regulates a group of target genes 
(FIG. 5a). In the purest form, no other regulator regulates 
any of these genes, hence the name single-input module. 
X also typically regulates itself.

The main function of this motif is to allow coordinated 
expression of a group of genes with shared function. 
In addition, this motif has a more subtle dynamical 
property that is similar to that of the multi-output FFLs 
that are discussed above: it can generate a temporal 
expression programme, with a defined order of activa-
tion of each of the target promoters. X often has different 
activation thresholds for each gene, owing to variations 
in the sequence and context of its binding site in each 
promoter. So, when X activity rises gradually with time, 
it crosses these thresholds in a defined order, first the 
lowest threshold, then the next lowest threshold, an so 
on, resulting in a temporal order of expression (FIG. 5b). 
Similar reasoning applies when X acts as a repressor.

Figure 5 | The single-input module (SIM) network motif and its dynamics. a | The single-input module (SIM) 
network motif, and an example from the arginine-biosynthesis system. b | Temporal order of expression in a SIM. As 
the activity of the master regulator X changes in time, it crosses the different activation threshold of the genes in the 
SIM at different times, generating a temporal order of expression. 
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The most important 
role of SIMs is to control a 
group of genes according 
to the signal sensed by the 
master transcription factor. 
!e genes in a SIM always 
have a common biological 
function. For example, 
SIMs regulate genes that 
participate in a specific 
metabolic pathway (Figure 
4.2). !ese genes encode 
proteins that work sequentially to assemble a desired molecule atom by atom, in a kind of 
molecular assembly line.

Metabolic pathways o"en show additional feedback control that operates on a rapid 
timescale. !e #nal product of the pathway is o"en the input signal for the top transcription 
factor X (Figure 4.2). !e #nal product also o"en inhibits the #rst enzyme in the pathway 
by directly binding it, a regulatory motif called feedback inhibition.

Other SIMs control groups of genes that respond to a speci#c stress (DNA damage, 
heat shock, etc.). Finally, SIMs can control groups of genes that together make up a protein 
machine with many subunits (such as a ribosome).

4.3 THE SIM CAN GENERATE TEMPORAL GENE EXPRESSION PROGRAMS
In addition to controlling a gene module in a coordinated fashion, the SIM has a subtler 
dynamical function. !e SIM can generate temporal programs of expression, in which 
genes are activated in a de#ned order.

!e temporal order is based on di$erent thresholds of X for each of the target genes Zi 
(Figure 4.3). When X activity changes gradually with time, it crosses these thresholds, Ki, 
at di$erent times. X #rst activates the gene with the lowest threshold. !en it activates the 
gene with the next lowest threshold, and so on (Figure 4.3). !e faster the changes in the 
activity of X, the more rapidly it crosses the di$erent thresholds, and the smaller the delay 
between the genes.

When X activity goes down, the genes are 
a$ected in reverse order. Hence, the last gene 
activated is the #rst one to be deactivated 
(Figure 4.3). !is type of program is called 
a last-in-#rst-out (LIFO) order.

Experimentally, temporal order is found 
in a variety of systems in E. coli with SIM 
architecture. This includes metabolic 
pathways (Zaslaver et%al., 2004) such as the 
arginine system (Figure 4.4). !e genes are 
sequentially expressed with delays on the 
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• Other feedbacks: The final product of the 
pathway is often the input signal for the 
top transcription factor X.  

• Arginine pathway: the temporal order of 
the genes corresponds to the order of the 
reactions in the pathway. 

Single input module (SIM): temporal programme

U. Alon. An introduction to systems biology. CRC Press (2020)

Zaslaver, A. et al. Nature Genetics, 36(5):486–491 (2004) 
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The 4-node connected subgraphs

FIGURE 4.5 

4-node connected subgraphs

U. Alon. An introduction to systems biology. CRC Press (2020)
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4.5  THE MULTI-OUTPUT FFL CAN GENERATE 
FIFO TEMPORAL PROGRAMS

What might be the function of multi-output FFL? To address this question, we will consider 
a well-characterized case of the multi-output FFL and see that it can generate a FIFO 
temporal program, in contrast to the LIFO order generated by SIMs.

A multi-output FFL regulates the gene system for the production of !agella, E. coli’s 
outboard motors (Figure 4.8). When E. coli is in a comfortable environment with abundant 
nutrients, it divides happily and does not try 
to move. When conditions become worse, 
E. coli makes a decision to grow several motors 
attached to helical !agella (propellers), which 
allow it to swim. It also generates a navigation 
system that tells it where to go in search of 
a better life. We will explore this navigation 
system called chemotaxis in Chapter 9. For 
now, let’s consider the genes that make the 
parts of the !agella motor.

#e !agella motor is a 50-nm device built of 
about 30 types of protein (Figure 4.8; Macnab, 
2003). #e motor is electrical, converting the 
energy of proton in!ux to drive rotation at 
about 100 Hz. #e motor rotates the !agellum, 
which is about 10 times longer than the cell it 
is attached to (E. coli is about 1 micron long). 
Flagella rotation pushes the cell forward at 
speeds that can exceed 30 microns/sec.

#e motor is put together in stages (Figure 
4.8). #is is an amazing example of biological 
self-assembly, like throwing Lego blocks in 
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then a rod, a second ring, and 
so on. !is is the principle of 
just-in-time production that 
we discussed in the single-
input module (SIM) network 
motif.

!e SIM architecture, 
however, has a limitation, 
as mentioned before: the 
turn-OFF order is reversed 
with respect to the turn-
OFF order (last-in-first-
out, or LIFO order; Figure 4.3). In contrast, the "agella turn-OFF order is the same as 
the turn-ON order: the #rst promoter turned$on is also the #rst turned o% when "agella 
are no longer needed. In other words, the genes show a #rst-in-#rst-out order.

FIFO order is generated by the multi-output FFL thanks to a hierarchy of activation 
thresholds (Figure 4.10). In the "agella system, X and Y e%ectively function in OR gate logic, 
and, therefore, X alone is su&cient to turn the genes on. !erefore, the turn-ON order is 
determined by the times when X crosses the activation thresholds K1, K2, … Kn (Figure 
4.10). If this were all, genes would be turned o% in the reverse order once X levels decline, 
resulting in LIFO order, just like in the SIM. But here Y comes to the rescue. When X decays 
away, Y is still around for a while. !e turn-OFF order in a properly designed OR-gate 
FFL is, therefore, governed by Y, which has its own thresholds, ′ ′ … ′K K K1 2, , n. FIFO order 
is achieved if the order of the thresholds of Y is reversed compared to that of X. !at is, if 
the X thresholds are K1 < K2, so that promoter 1 is turned on before 2, the Y thresholds 
are oppositely ordered ′ > ′K K1 2, so that promoter 1 is turned o% before 2 (Figure 4.10). !is 
opposing hierarchy of thresholds was experimentally found in the "agella system (Kalir 
and Alon, 2004). !e temporal order in this system was rewired by mutations that a%ected 
these activation thresholds.

4.5.1 The Multi-Output FFL Also Acts as a Persistence Detector for Each Output
In addition to generating a FIFO temporal order, the multi-output FFL conveys all of the 
functions of the feedforward loop that we discussed in Chapter 3. In particular, each of the 
output nodes bene#ts from the sign-sensitive #lter property of the FFL. For example, in the 
"agella system, the FFL delays the deactivation of the Z genes following the loss of X activity 
(as described in Section 3.6). It thus #lters away brief OFF pulses of X, allowing deactivation 
only when X activity is gone for a persistent length of time. Such OFF pulses can occur, for 
example, when the bacterium brie"y swims into better conditions.

4.6  SIGNAL INTEGRATION BY BI-FANS AND 
DENSE-OVERLAPPING REGULONS

In addition to the multi-output FFL, there is a second four-node network motif, the bi-fan. 
!e bi-fan gives rise to a family of motif generalizations, shaped as a layer of inputs with 

FIGURE 4.10 

First IN First OUT (FIFO) logic

• OR gates: the activation order of 
Z1 and Z2 depends on the 
respective activation thresholds 
K1 and K2 by X. 

• Conversely, down regulation 
order depends on respective 
activation thresholds K’1 and K’2 

by Y.  
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•Increased viscosity of the environment is associated with a switch to swarm behaviour 
—Induction of flagellar genes and increase in number of flagella per cell 
Flagella cover the entire cell (peritrichous flagella) 
Peritrichous flagella bundle together when they rotate to increase the effective flagellar 
stiffness and make force generation more efficient in viscous liquids

Nature Reviews | Microbiology
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Focal-adhesion complex
A putative cell surface- 
associated complex that 
anchors a bacterium to a 
substrate and might act as  
a motor for gliding motility. 
When coupled to an internal 
motor, the cell body moves 
relative to the focal-adhesion 
complex.

by geneticists, and selection against swarming may be 
artificial in favour of small, compact colonies.

Swarming motility generally requires an energy-rich, 
solid medium, but the specific conditions that support 
swarming depend on the organism concerned. Some 
bacteria, such as Bacillus subtilis, swarm on a wide range 
of energy-rich media, whereas other bacteria, such as 
Salmonella enterica and Yersinia entercolitica, require 
the presence of particular supplements (for example,  
glucose)16–18. Swarming is promoted by high growth 
rates, which may account for the requirement for energy-
rich conditions12,19,20. Although some bacteria can swarm 
over almost any agar surface, most swarming bacteria 

require soft agar in a narrow range of concentrations. 
Media that are solidified, with agar concentrations above 
0.3%, exclude swimming motility and force the bacteria 
to move, if possible, over the surface, and agar concen-
trations above 1% prohibit swarming of many bacterial 
species. It is conceivable that the standard 1.5% agar  
that is used to solidify media in the laboratory was  
specifically chosen for swarming inhibition.

When conducting swarming-motility assays, a 
defined set of conditions must be established and rigor-
ously adhered to21. The water content of the medium is 
a crucial factor: too little water results in poor swarming, 
whereas too much water may permit swimming motility. 
To control the water content, swarm plates are poured 
to a standard thickness when the agar is relatively cool 
(~50 ºC), thereby minimizing water loss from conden-
sation on the plate lid. Finally, plates are dried briefly 
(for ~15 minutes), open-faced, in a laminar flow hood 
to remove surface water and minimize the contribution 
of swimming motility to surface movement12,21.

Requirements for swarming motility
Flagella are the most important requirement for swarm-
ing motility, along with an increase in flagellar bio-
synthesis, but this type of movement also requires an 
increase in cell–cell interactions and the presence of  
a surfactant.

Flagella. Flagella may be observed by phase contrast 
microscopy using a simple crystal violet-based stain22, 
by fluorescence microscopy using fluorescent dyes23,24 
or by electron microscopy25,26. The presence of flagellated 
cells at the front of a spreading colony is consistent with, 
but not conclusively demonstrative of, the mechanism 
of swarming motility. To confirm the mechanism of 
swarming, mutants with defects in flagella synthesis or 
function must be used to abolish colony spreading27.

Most bacteria that swarm have a peritrichous arrange-
ment of flagella, in which multiple flagella are distributed 
randomly on the cell surface11,18,25,28–30. Peritrichous flag-
ella bundle together when rotated, to effectively increase 
flagellar stiffness and make force generation more effi-
cient in viscous liquids, a property that may also explain 
their correlation with swarming31–34. Recently, E. coli, 
which is peritrichously flagellated, has been shown to 
swarm between two closely opposed fixed surfaces24,35–37. 
As a single flagellum requires minimal resource invest-
ment and is sufficient for swimming motility, it is 
tempting to speculate that the synthesis of multiple 
peritrichous flagella is a specific adapation to generate 
force in viscous environments and to swarm over and 
between surfaces.

The correlation between peritrichous flagella and 
swarming is not absolute, and some bacteria with 
flagella originating from a single cell pole can swarm. 
Vibrio parahaemolyticus, Rhodosprillum centenum and 
Aeromonas spp. each make a single polar flagellum that 
is sufficient to swim in liquids but must induce peritri-
chous flagella (also called lateral flagella) to swarm over 
surfaces28,30,38–40. The polar and lateral flagella are encoded 
by different genes, powered by separate motors and 

Figure 1 | Bacteria move by a range of mechanisms. 
Swarming is the multicellular movement of bacteria across 
a surface and is powered by rotating helical flagella. 
Swimming is the movement of individual bacteria in liquid, 
also powered by rotating flagella. Twitching is surface 
movement of bacteria that is powered by the extension of 
pili, which then attach to the surface and subsequently 
retract, pulling the cell closer to the site of attachment. 
Gliding is active surface movement that does not require 
flagella or pili and involves focal-adhesion complexes. 
Sliding is passive surface translocation that is powered by 
growth and facilitated by a surfactant. The direction of cell 
movement is indicated by black arrows, and the motors that 
power the movement are indicated by coloured circles.
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The idea of the experiment is to induce the growth of flagella in
starved E. coli cells (which lack flagella) and to use a reporter gene,
namely, a gene leading to the expression of GFP, to report on when
each of the different genes associated with the flagellar pathway is
being expressed. This experiment permits us to peer directly into
the dynamics of assembly of the bacterial flagellum, which reveals a
sequence of events that are locked into succession in exactly the sort
of way that we argued is characteristic of relative time. Figure 3.25
shows the results of this experiment. To deduce a time scale from
this figure, we consider the band of expression and note that the
roughly 15 genes are turned on sequentially over a period of roughly
180 minutes starting about 5 hours after the beginning of the experi-
ment. This implies an approximate delay time between each product
of roughly 12 minutes. Note that the entire experiment was run over a
period of roughly 10 hours, though induction of new flagella (the part
of the experiment of interest here) begins after three or four rounds
of cell division have occurred.

Figure 3.24: Molecular architecture
of the bacterial flagellum. (A) The
diagram shows the membrane-
bound parts of the flagellar apparatus
as well as the flagellum itself. The
labels refer to the various gene
products involved in the assembly of
the flagellum. (B) The large ring at the
bottom is the C ring, found on the
cytoplasmic face. The smaller ring
immediately above it is the MS ring,
which spans the inner membrane, and
the L and P rings (which span the
outer membrane) are seen near the
top. (Adapted from H. C. Berg, Phys.
Today 53:24, 2000.)

3.3.3 Killing the Cell: The Life Cycles of Viruses

Cells are not the only biological entities that care about relative tim-
ing. Once viruses have infected a host cell, they are like a ticking time
bomb with an ever-shortening fuse of early, middle, and late genes.
Once these genes have been expressed and their products assembled,
hundreds of new viruses emerge from the infected (and now defunct)
cell to repeat the process elsewhere.
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the air and watching them assemble into a house. !e motor and "agellum have a hollow 
central tube through which the proteins move to assemble each stage. !us, each stage of 
the motor acts as a transport device for the proteins in the next stage.

The proteins that build up the f lagella motor are encoded by genes arranged 
in six operons (an operon is a group of genes transcribed on the same piece of mRNA). 
The f lagella motor operons are regulated by two transcription activators, X and Y called 
FlhDC and FliA. The master regulator X activates Y, and both jointly activate each of 
the six operons, Z1, Z2, … Z6. This regulatory pattern is a multi-output FFL (Figure 4.9).

In this multi-output FFL, each operon can be activated by X in the absence of Y, and by 
Y in the absence of X. !us, the input functions are similar to OR gates (they are actually 
SUM-gates, the weighted sum of the two active transcription factors).

Experiments by Michael Laub and Lucy 
Shapiro (Laub et  al., 2000) and by Shiraz 
Kalir et al. (Kalir et al., 2001; Kalir and Alon, 
2004), found that the "agella operons show a 
de$ned temporal order of expression. When 
the bacteria sense the proper conditions, they 
activate the production of protein X. !e 
concentration of X gradually increases, and 
as a result, the Z genes get turned ON one by 
one, with about 0.1 cell generations between 
them. !e order in which the operons are 
turned on matches the order of motor 
assembly: $rst a ring in the inner membrane, FIGURE 4.9 
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4.5  THE MULTI-OUTPUT FFL CAN GENERATE 
FIFO TEMPORAL PROGRAMS

What might be the function of multi-output FFL? To address this question, we will consider 
a well-characterized case of the multi-output FFL and see that it can generate a FIFO 
temporal program, in contrast to the LIFO order generated by SIMs.

A multi-output FFL regulates the gene system for the production of !agella, E. coli’s 
outboard motors (Figure 4.8). When E. coli is in a comfortable environment with abundant 
nutrients, it divides happily and does not try 
to move. When conditions become worse, 
E. coli makes a decision to grow several motors 
attached to helical !agella (propellers), which 
allow it to swim. It also generates a navigation 
system that tells it where to go in search of 
a better life. We will explore this navigation 
system called chemotaxis in Chapter 9. For 
now, let’s consider the genes that make the 
parts of the !agella motor.

#e !agella motor is a 50-nm device built of 
about 30 types of protein (Figure 4.8; Macnab, 
2003). #e motor is electrical, converting the 
energy of proton in!ux to drive rotation at 
about 100 Hz. #e motor rotates the !agellum, 
which is about 10 times longer than the cell it 
is attached to (E. coli is about 1 micron long). 
Flagella rotation pushes the cell forward at 
speeds that can exceed 30 microns/sec.

#e motor is put together in stages (Figure 
4.8). #is is an amazing example of biological 
self-assembly, like throwing Lego blocks in 
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multiple overlapping connections to a 
layer of outputs (Figure 4.11). !is family 
of patterns is our last network motif in 
sensory transcription networks, called 
dense-overlapping regulons (a regulon 
is the set of genes regulated by a given 
transcription factor), or DORs for short 
(Figure 4.12; Shen-Orr et al., 2002).

The DOR is a row of input transcription 
factors that regulate a row of output 
genes in a densely overlapping way. The 
DORs are usually not fully wired; that is, 
not every input regulates every output. 
However, the wiring is much denser than 
in the patterns found in randomized 
networks.

The DOR can be thought of as a 
combinatorial decision-making device. It 
functions as an array of gates (input functions) that integrate multiple inputs to compute the 
regulation of each output gene. To understand the function of the DOR requires knowledge 
of the multi-dimensional input functions that integrate the inputs at the promoter of each 
gene. !is knowledge is one of the open challenges in systems biology: Although arrows 
in transcription networks are well-characterized, the input functions of most genes are 
currently unknown.

Transcription networks, such as those of E. coli and yeast, show several large DORs, 
each controlling tens to hundreds of genes. !e genes in each DOR have a shared global 
function, such as stress response, nutrient metabolism or biosynthesis of key classes of 
cellular components. O#en, a global regulator governs many of the genes, supplemented by 
numerous regulators that regulate subsets of the genes. For example, in E. coli, the global 
regulator CRP senses starvation and, together with multiple transcription factors that each 
sense a di$erent sugar, determines which sugar utilization genes are activated in response 
to the sugars in the environment. !e DORs form the backbone of the network’s global 
structure, as we will see next.
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• Multiple inputs (Xi) control multiple outputs (Zi) 
• Denser wiring than in randomised networks 
• Multi-dimensional input function characterises input integration at 

promoters of each output gene
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Interlocking FFLs
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each other, has two steady states: either both X and Y 
are OFF, or both are ON. The double-negative loop, in 
which two repressors repress each other, has different 
steady states: either X is ON and Y is OFF, or the oppo-
site. In both cases, a transient signal can cause the loop 
to lock irreversibly into a steady state. In this sense, 
this network motif can provide memory of an input 
signal, even after the input signal is gone. Often, X and 
Y also positively regulate themselves, strengthening 
the memory effects. The same motif can also comprise 
miRNAs62 or post-transcriptional interactions such as 
phosphorylations63,64.

Positive-feedback loops can regulate or be regulated 
by other signals2,16,60. In a regulating loop, two regulators 
X and Y form a feedback loop, and also jointly regulate 
downstream Z genes. A double-positive loop between X 
and Y is useful for decisions whereby the cell irreversibly 
assumes a fate in response to a transient developmental 
signal. Genes that are specific to the cell fate can be co-
activated by X and Y. A double-negative loop (FIG. 7b) 
is useful in this motif as a toggle switch between two 
different fates65, such as lysogeny and lysis in λ-phage3. 
The genes that are activated by X are repressed by Y, 
and the opposite.

Figure 7 | Network motifs in developmental transcription networks. a | Network motifs with a double-positive-
feedback loop. When Z is activated, proteins X and Y begin to be produced. They can remain locked ON even when Z 
is deactivated (at times after the dashed line). b | Regulated feedback with a double-negative-feedback loop. Here 
Z acts to switch the steady states. Initially, Y concentration is high and represses X expression. After Z is activated, 
X is produced and Y is repressed. This state can persist even after Z is deactivated. Thus, the feedback implements a 
memory. c | A transcription network that guides the development of the Bacillus subtilis spore8. Z1, Z2 and Z3 
represent groups of tens to hundreds of genes. This network is made of two incoherent type-1 feedforward loops 
(I1-FFLs), which generate pulses of Z1 and Z2, and two coherent type-1 feedforward loops (FFLs), one of which 
generates a delayed Z3 step.
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C1-FFL

I1-FFL

I1-FFL

• 3-wave temporal program of gene expression
• I1-FFL generates Z1 pulse: X1 (eg. Starvation 

signal in Bacillus subtilis), triggers rapid Z1 
expression,  and repression with a delay (set 
by Y1  induction and activation threshold). 

• C1-FFL generates activation of X2 by X1 and 
Y1 with a delay identical to Z1 repression. 
It ensures that X2 (and hence Z2) is not 
activated unless X1, the starvation signal is 
persistent enough.  

• I1-FFL generates Z2 pulse 
• C1-FFL causes sustained activation of Z3.  

• The FFLs are multi-output FFL: Z1 - Z3 represent large group of downstream genes 
resulting in a 3-wave program of gene expression.   

• FFLs assemble into real networks that lend to easy interpretation (understandability), 
while random association of FFLs do not
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Structure of sensory transcriptional network in E. coli

22   ◾   An Introduction to Systems Biology

!e basic idea is that patterns that occur in the real network much more o"en than 
at random must have been preserved over evolutionary timescales against mutations 
that randomly change arrows. To appreciate this, note that arrows are easily lost in 
a transcription network. A mutation that changes a single DNA letter in a promoter 
can  abolish binding of a transcription factor and cause the loss of an arrow in the 
network.

Such mutations occur at a comparatively high rate, as can be appreciated by the following 
example. A single bacterium placed in a test tube with 10 mL of liquid nutrient grows and 
divides to reach a saturating population of about 1010 cells within less than a day. !is 
population therefore underwent 1010 DNA replications. Since the mutation rate is about 
10−9 per letter per replication, the population will include, for each letter in the genome, 
10 di$erent bacteria with a mutation in that letter. !us, a change of any DNA letter can 
be rapidly reached in bacterial populations. A similar rate of mutations per generation per 
genome occurs in multi-cellular organisms (Table 1.1).

Transcription Factor
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Transcription Factor
with autoregulation

Other gene

FIGURE 2.1 
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Fig. 3 Part of the network of direct transcriptional interactions in the E. coli data set, represented using network motifs. Nodes represent operons, and lines represent transcriptional regulation, directed so that the regulating tran-
scription factor is above the regulated operons. Network motifs are represented by their corresponding symbols (Fig. 1). The DORs are named according to the common function of their output operons. Each transcription factor
appears in only a single subgraph, except for transcription factors regulating more than ten operons (‘global transcription factors’), which can appear in several subgraphs. For an image of the entire network, see Web Fig. A online.
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• Network motif as substructures

Combinatorial 
computation 
(input function)

• Graph representation
Few core motifs are repeated in Network 
FFLs, SIMs, DORs and AR 
DORs are in parallel but not in cascade 
Core motifs generate temporal programs or response to fluctuating environments 
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Network motifs in transcriptional sensory systems
• core property of reversible responses to environment inputs 
• this is very common in Bacteria and Yeast.  

1. AR: Auto-regulation — negative feedback loop 
Response accelerator and Robustness 

2. FFLs: feedfoward loops 
Persistance detector (C1-FFL) 
Response accelerator (I1-FFL) 
Pulse generator (I1-FFL) 
temporal waves (interlocking FFLs): FIFO 

3. SIMs: single input modules 
Temporal programmes (LIFO) 

4. DORs: dense overlapping regulons 
Combinatorial control
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Sensory systems in Eukaryotes

• Response to signalling pathways during development and in adults

and JUN or the zinc finger transcription factor EGR1 (ref. 6). To assess
the role of transcription in attenuation of EGF signaling, we treated
HeLa cells (a common model system for investigation of growth factor
signaling) with EGF in the presence or absence of the protein
translation inhibitor cycloheximide. We observed that attenuation of
ERK signaling (Fig. 1a), as well as attenuation of immediate-early
transcription (Fig. 1b), is dependent on de novo gene transcription.
This demonstrates a central role for transcription-mediated
feedback control in defining the interval of downstream phosphor-
ylation and transcriptional events, a finding consistent with
previous observations7,8.

MAPKs constitute a node of feedback regulation
In order to define the nodes of EGF-activated phosphorylation
cascades subject to feedback regulation, we used the emerging tech-
nology of reverse-phase protein lysate arrays (RPPA; Fig. 1c and
Supplementary Table 1 online). This assay has been calibrated
extensively to ensure specificity and quantitative reliability in analysis
of a large number of samples across a variety of antibodies9 (see
Supplementary Methods online for explanation of the methodology
and description of the antibodies used). We used 32 different anti-
bodies, 19 of which addressed the phosphorylation state of 16 proteins
within the pathway.

The results demonstrate that the ERK and STAT5 cascades are those
most robustly activated by EGF in HeLa cells. In the presence of the
translational inhibitor cycloheximide (or the transcriptional inhibitor
actinomycin D; data not shown), the activation interval of the MAPK
tier (ERK, JNK and p38) was markedly prolonged. Notably, we did not
observe any obvious effects on the kinetics of other tiers within the

same cascade, nor did we find any effect on other signaling cascades
(Fig. 1c and Supplementary Table 1). Thus, transcription-dependent
attenuation acts at specific nodes within signal transduction cascades,
with the MAPK tier being the major target of this mechanism within
EGF-activated cascades.

Notably, proteins previously characterized as EGF-induced
negative-feedback regulators, such as Sprouty-2 and Mig-6 (ref. 10),
have been demonstrated to repress the activity of the EGF receptor or
other proteins at a similarly high level in the signaling hierarchy. As
the peak induction of these proteins occurs 60–120 min after
stimulation (data not shown), they are active only after the EGF
receptor has been degraded, suggesting that they do not function as
feedback regulators of signaling. Rather, we are led to assume that
these proteins maintain a ‘refractory period’ that decouples the cell
from repetitive stimulation (ref. 11 and data not shown). Recent
observations concerning the function of Sprouty proteins in tooth
development are congruent with this hypothesis12.

The circuitry of growth factor–induced transcription
As we aimed to identify the mechanisms of transcription-dependent
feedback attenuation of growth factor signaling, we constructed a
comprehensive kinetic profile of the transcriptional response of HeLa
cells to EGF (Fig. 1d and Supplementary Table 1). We were surprised
at the coherence of the resulting expression matrix, which showed
clearly defined waves of transcription. The initial wave demonstrated
rapid induction of a small number of previously characterized IEGs at
the first time point (20 min; 14 genes). Examining the identity of
genes within subsequent waves of transcription, we realized that the
coordinate expression could be strongly correlated with similarity of
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Figure 1 MAPKs are a node of transcription-
dependent feedback regulation. (a) Subconfluent
HeLa cells were serum starved for 24 h and then
stimulated with EGF (20 ng/ml) for the indicated
time intervals in the absence or presence of
cycloheximide (1 mg/ml). ERK activation was
assayed by immunoblotting (IB) of cell extracts
with antibodies to the active form of ERK.
(b) HeLa cells, plated and starved as in a, were
subjected to stimulation with EGF, with or without
a pretreatment with cycloheximide (CHX) for
10 min. Total RNA prepared from cell lysates was
subjected to reverse transcription with random
hexamers and analysis by quantitative real-time
PCR with primers specific to FOS and EGR1.
The signals were quantified (relative to time
zero). (c) Subconfluent HeLa cells were serum
starved for 24 h and then stimulated with EGF
(20 ng/ml) for the indicated time intervals in the
absence or presence of cycloheximide (1 mg/ml),
and cell extracts were analyzed by quantitative
reverse-phase protein lysate arrays (Supple-
mentary Methods and Supplementary Table 1).
Data are presented as fraction of peak response.
The chart underneath schematically presents
the pathways analyzed using antibodies to
phosphorylated forms of the indicated proteins.
(d) Serum-starved HeLa cells were stimulated
with EGF for the indicated time intervals,
followed by analysis of RNA expression using
Affymetrix Hu-133A oligonucleotide microarrays
(containing B22,000 human probe sets). The
465 genes whose expression was induced to at
least twice the baseline level were ordered
according to their peak expression time.
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and JUN or the zinc finger transcription factor EGR1 (ref. 6). To assess
the role of transcription in attenuation of EGF signaling, we treated
HeLa cells (a common model system for investigation of growth factor
signaling) with EGF in the presence or absence of the protein
translation inhibitor cycloheximide. We observed that attenuation of
ERK signaling (Fig. 1a), as well as attenuation of immediate-early
transcription (Fig. 1b), is dependent on de novo gene transcription.
This demonstrates a central role for transcription-mediated
feedback control in defining the interval of downstream phosphor-
ylation and transcriptional events, a finding consistent with
previous observations7,8.

MAPKs constitute a node of feedback regulation
In order to define the nodes of EGF-activated phosphorylation
cascades subject to feedback regulation, we used the emerging tech-
nology of reverse-phase protein lysate arrays (RPPA; Fig. 1c and
Supplementary Table 1 online). This assay has been calibrated
extensively to ensure specificity and quantitative reliability in analysis
of a large number of samples across a variety of antibodies9 (see
Supplementary Methods online for explanation of the methodology
and description of the antibodies used). We used 32 different anti-
bodies, 19 of which addressed the phosphorylation state of 16 proteins
within the pathway.

The results demonstrate that the ERK and STAT5 cascades are those
most robustly activated by EGF in HeLa cells. In the presence of the
translational inhibitor cycloheximide (or the transcriptional inhibitor
actinomycin D; data not shown), the activation interval of the MAPK
tier (ERK, JNK and p38) was markedly prolonged. Notably, we did not
observe any obvious effects on the kinetics of other tiers within the

same cascade, nor did we find any effect on other signaling cascades
(Fig. 1c and Supplementary Table 1). Thus, transcription-dependent
attenuation acts at specific nodes within signal transduction cascades,
with the MAPK tier being the major target of this mechanism within
EGF-activated cascades.

Notably, proteins previously characterized as EGF-induced
negative-feedback regulators, such as Sprouty-2 and Mig-6 (ref. 10),
have been demonstrated to repress the activity of the EGF receptor or
other proteins at a similarly high level in the signaling hierarchy. As
the peak induction of these proteins occurs 60–120 min after
stimulation (data not shown), they are active only after the EGF
receptor has been degraded, suggesting that they do not function as
feedback regulators of signaling. Rather, we are led to assume that
these proteins maintain a ‘refractory period’ that decouples the cell
from repetitive stimulation (ref. 11 and data not shown). Recent
observations concerning the function of Sprouty proteins in tooth
development are congruent with this hypothesis12.

The circuitry of growth factor–induced transcription
As we aimed to identify the mechanisms of transcription-dependent
feedback attenuation of growth factor signaling, we constructed a
comprehensive kinetic profile of the transcriptional response of HeLa
cells to EGF (Fig. 1d and Supplementary Table 1). We were surprised
at the coherence of the resulting expression matrix, which showed
clearly defined waves of transcription. The initial wave demonstrated
rapid induction of a small number of previously characterized IEGs at
the first time point (20 min; 14 genes). Examining the identity of
genes within subsequent waves of transcription, we realized that the
coordinate expression could be strongly correlated with similarity of
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Figure 1 MAPKs are a node of transcription-
dependent feedback regulation. (a) Subconfluent
HeLa cells were serum starved for 24 h and then
stimulated with EGF (20 ng/ml) for the indicated
time intervals in the absence or presence of
cycloheximide (1 mg/ml). ERK activation was
assayed by immunoblotting (IB) of cell extracts
with antibodies to the active form of ERK.
(b) HeLa cells, plated and starved as in a, were
subjected to stimulation with EGF, with or without
a pretreatment with cycloheximide (CHX) for
10 min. Total RNA prepared from cell lysates was
subjected to reverse transcription with random
hexamers and analysis by quantitative real-time
PCR with primers specific to FOS and EGR1.
The signals were quantified (relative to time
zero). (c) Subconfluent HeLa cells were serum
starved for 24 h and then stimulated with EGF
(20 ng/ml) for the indicated time intervals in the
absence or presence of cycloheximide (1 mg/ml),
and cell extracts were analyzed by quantitative
reverse-phase protein lysate arrays (Supple-
mentary Methods and Supplementary Table 1).
Data are presented as fraction of peak response.
The chart underneath schematically presents
the pathways analyzed using antibodies to
phosphorylated forms of the indicated proteins.
(d) Serum-starved HeLa cells were stimulated
with EGF for the indicated time intervals,
followed by analysis of RNA expression using
Affymetrix Hu-133A oligonucleotide microarrays
(containing B22,000 human probe sets). The
465 genes whose expression was induced to at
least twice the baseline level were ordered
according to their peak expression time.
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and JUN or the zinc finger transcription factor EGR1 (ref. 6). To assess
the role of transcription in attenuation of EGF signaling, we treated
HeLa cells (a common model system for investigation of growth factor
signaling) with EGF in the presence or absence of the protein
translation inhibitor cycloheximide. We observed that attenuation of
ERK signaling (Fig. 1a), as well as attenuation of immediate-early
transcription (Fig. 1b), is dependent on de novo gene transcription.
This demonstrates a central role for transcription-mediated
feedback control in defining the interval of downstream phosphor-
ylation and transcriptional events, a finding consistent with
previous observations7,8.

MAPKs constitute a node of feedback regulation
In order to define the nodes of EGF-activated phosphorylation
cascades subject to feedback regulation, we used the emerging tech-
nology of reverse-phase protein lysate arrays (RPPA; Fig. 1c and
Supplementary Table 1 online). This assay has been calibrated
extensively to ensure specificity and quantitative reliability in analysis
of a large number of samples across a variety of antibodies9 (see
Supplementary Methods online for explanation of the methodology
and description of the antibodies used). We used 32 different anti-
bodies, 19 of which addressed the phosphorylation state of 16 proteins
within the pathway.

The results demonstrate that the ERK and STAT5 cascades are those
most robustly activated by EGF in HeLa cells. In the presence of the
translational inhibitor cycloheximide (or the transcriptional inhibitor
actinomycin D; data not shown), the activation interval of the MAPK
tier (ERK, JNK and p38) was markedly prolonged. Notably, we did not
observe any obvious effects on the kinetics of other tiers within the

same cascade, nor did we find any effect on other signaling cascades
(Fig. 1c and Supplementary Table 1). Thus, transcription-dependent
attenuation acts at specific nodes within signal transduction cascades,
with the MAPK tier being the major target of this mechanism within
EGF-activated cascades.

Notably, proteins previously characterized as EGF-induced
negative-feedback regulators, such as Sprouty-2 and Mig-6 (ref. 10),
have been demonstrated to repress the activity of the EGF receptor or
other proteins at a similarly high level in the signaling hierarchy. As
the peak induction of these proteins occurs 60–120 min after
stimulation (data not shown), they are active only after the EGF
receptor has been degraded, suggesting that they do not function as
feedback regulators of signaling. Rather, we are led to assume that
these proteins maintain a ‘refractory period’ that decouples the cell
from repetitive stimulation (ref. 11 and data not shown). Recent
observations concerning the function of Sprouty proteins in tooth
development are congruent with this hypothesis12.

The circuitry of growth factor–induced transcription
As we aimed to identify the mechanisms of transcription-dependent
feedback attenuation of growth factor signaling, we constructed a
comprehensive kinetic profile of the transcriptional response of HeLa
cells to EGF (Fig. 1d and Supplementary Table 1). We were surprised
at the coherence of the resulting expression matrix, which showed
clearly defined waves of transcription. The initial wave demonstrated
rapid induction of a small number of previously characterized IEGs at
the first time point (20 min; 14 genes). Examining the identity of
genes within subsequent waves of transcription, we realized that the
coordinate expression could be strongly correlated with similarity of
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Figure 1 MAPKs are a node of transcription-
dependent feedback regulation. (a) Subconfluent
HeLa cells were serum starved for 24 h and then
stimulated with EGF (20 ng/ml) for the indicated
time intervals in the absence or presence of
cycloheximide (1 mg/ml). ERK activation was
assayed by immunoblotting (IB) of cell extracts
with antibodies to the active form of ERK.
(b) HeLa cells, plated and starved as in a, were
subjected to stimulation with EGF, with or without
a pretreatment with cycloheximide (CHX) for
10 min. Total RNA prepared from cell lysates was
subjected to reverse transcription with random
hexamers and analysis by quantitative real-time
PCR with primers specific to FOS and EGR1.
The signals were quantified (relative to time
zero). (c) Subconfluent HeLa cells were serum
starved for 24 h and then stimulated with EGF
(20 ng/ml) for the indicated time intervals in the
absence or presence of cycloheximide (1 mg/ml),
and cell extracts were analyzed by quantitative
reverse-phase protein lysate arrays (Supple-
mentary Methods and Supplementary Table 1).
Data are presented as fraction of peak response.
The chart underneath schematically presents
the pathways analyzed using antibodies to
phosphorylated forms of the indicated proteins.
(d) Serum-starved HeLa cells were stimulated
with EGF for the indicated time intervals,
followed by analysis of RNA expression using
Affymetrix Hu-133A oligonucleotide microarrays
(containing B22,000 human probe sets). The
465 genes whose expression was induced to at
least twice the baseline level were ordered
according to their peak expression time.
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• The EGF signalling pathway is attenuated 
following sustained activation. 

• Negative feedback exerted on ERK (MAPK) 
activation. Requires translation (gene regulation) 

• Immediate early (IEG), delayed early (DEG) and 
late genes (LG) are activated in a wave

DFI, disease-free interval

Ido Amit et al, and Y. Yarden. Nature Genetics, 39:503-512 (2007)

• In human tumours, transcription repressor DEGs 
are often downregulated.  

• Correlation between expression of repressors and 
survival of individuals. 

deadenylation and subsequent exosomal degradation of target
mRNAs34. In order to characterize ZFP36 substrates (ARE-containing
mRNAs), we grouped genes according to their peak expression time
and determined, in each group, the frequency of ARE-containing
transcripts (via the ARE Database search engine; see URL in Meth-
ods35). We found a significant preponderance of these motifs within
the 3¢ UTR of genes induced during the early waves of transcription
(20–120 min; Fig. 4a and Supplementary Table 1). ZFP36 inhibited
the transcriptional activity of AP-1 while not affecting transcription
driven by the SRE. This result was expected, as AP-1 components are
encoded by inducible ARE-containing mRNAs, and the SRE is
activated by constitutively expressed phosphoregulated transcription
factors36 (Fig. 4b and Supplementary Fig. 4). Furthermore, small
interfering RNA (siRNA) knockdown (Supplementary Fig. 4)
demonstrated that ZFP36 is necessary for degradation of FOS
mRNA (Fig. 4c and Supplementary Fig. 4). siRNA knockdown of
ZFP36 in MCF10A cells, which dissociate from epithelial clusters and
migrate in response to EGF stimulation37, resulted in greatly
enhanced sensitivity to EGF-driven cell motility, as measured by an
increase in cell scattering (Fig. 4d) and migration (Supplementary
Fig. 4). These results confirm the role of ZFP36 as an inducible
attenuator of EGF signaling, promoting degradation of rapidly
induced genes and thus restricting the responsiveness of the cell to
stimulation. Observation of oncogenic mutations within the ARE of
the FOS gene provides physiological evidence of the importance
of this mode of regulation38. As we discuss below, in the context of
a network, the activity of ZFP36 may promote the speed of
IEG transcription by forming incoherent feed-forward loops39.
Additional RNA-binding proteins of similar potential function were

induced by EGF (Supplementary Fig. 4); for example, the late
induction of heterogeneous nuclear ribonucleoprotein D (HNRPD,
also known as Auf1)40 is suggestive of a role in regulation of
the expression of a subset of genes different from those regulated
by ZFP36.

DEGs are potential tumor suppressors
Proteins that function as negative regulators of growth factor signaling
have been found to act as tumor suppressors41. Exploring a large
human cancer compendium13 (comprising 1,975 published micro-
arrays spanning 22 tumor types; see URLs for Genomica in Methods
section), we examined the expression of genes from the DEG cluster of
transcription repressors and RNA-binding proteins (Supplementary
Table 1). We observed that a large proportion of these genes (18 of 25)
were coordinately downregulated in multiple epithelial tumor types
(Fig. 5a). Specifically addressing the expression of this group of genes
in ovarian tumors (for which patient follow-up survival data were
available), we found coordinate downregulation of a large subset of
the transcription repressors (14 of 25) in tumor samples, consistent
with observations of downregulation of KLF2 and KLF6 in ovarian
tumors25,42 (Fig. 5b). By contrast, expression of EGF-inducible
ligands found in our data set (the output of forward signaling) was
significantly upregulated in these tumors (Supplementary Fig. 5
online). Furthermore, clinical follow-up showed that survival of
affected individuals with low DEG level was significantly shorter
than that of individuals with high levels of DEG. This held true for
several other epithelial tumors (data not shown), including prostate
cancer (Fig. 5c) as well as the ovarian cancer study presented here
(Supplementary Fig. 5).
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Figure 5 Transcription-repressor and RNA-binding DEGs are coordinately downregulated
in multiple human tumors. (a) A subset of 25 DEGs was analyzed against a human cancer
compendium13 comprising 1,975 published microarrays across 22 tumor types, using the
Genomica software package (see URLs in Methods). Shown are the arrays in which expression
of the module changed significantly, where red indicates induction, and green, repression.
Gray pixels represent missing values. Indicated below the matrix are tissues in which
we observed significant repression (left) or induction (right) of the 25 DEGs. (b) The subset
of 25 genes was analyzed against a data set derived from 30 ovarian tumors and 7 normal
ovarian tissues. The expression matrix presents 14 genes in which we observed a significant
difference between normal and malignant tissues. t-test P values are shown. (c) A group of
78 individuals with prostate cancer50 was used to analyze the association between expression
of transcription-repressor DEGs and survival time of affected individuals (different Kaplan-Meier
survival analyses are shown). The color scale represents the fraction of individuals with no
evidence of disease. DFI, disease-free interval. P values from Cox analysis are shown.
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expression of DUSP6 (Fig. 7d). These observations are suggestive of a
conserved architecture of signaling pathways whereby the output of
the system depends on the precise dynamics of induction of forward-
and backward-acting components. Furthermore, transcription-
dependent attenuation of signaling involves induction of regulators
specific to the inducing pathway.

Common motifs within the EGF-induced transcriptional network
Based on the kinetic data sets produced in this study and on previous
observations relating to interactions between components of the
network, we performed an initial analysis of the EGF network in
terms of its functional architecture. In particular, we identified circuit
elements called network motifs2 that have been studied primarily in
unicellular organisms. These are simple building blocks of robust
networks, comprising a small number of components whose
connectivities display a recurrent logic. Recognition of such elements
may uncover the mechanisms underlying the kinetics of response to
growth factor activation as well as the foundations of network
robustness. Here we propose a set of simplified network motifs
that model the activity of parts of the EGF-induced trans-
criptional program.

Examples of such motifs can be suggested for each epoch of gene
expression (Fig. 8). Thus, FOS, the gene induced earliest by EGF, is
regulated by a negative autoregulatory loop (Fig. 8a and ref. 29) that
has been found to accelerate the response time within transcriptional
networks2. The next wave of transcription (peaking at 40–60 min
post-stimulation) undergoes ‘superinduction’ in the presence of
cycloheximide, in common with the initial burst of IEG
expression (data not shown). We propose that this wave may be
regulated by a composite negative feedback loop in which the function
of a ‘forward-driving’ transcription factor is attenuated by the protein
product of its target gene(s) (Fig. 8b). This motif is found in
diverse systems and organisms, where it generates a robust and
transient induction2.

The regulation of the next wave of gene expression (Fig. 8c; peaking
at around 120 min after stimulation) may be explained as the output
of two feed-forward loop motifs (FFLs)2. Each FFL consists of a
transcription factor (Y) that activates a second transcription factor
(Y¢), both of which regulate a target gene, Z. One FFL is ‘coherent’,
meaning that all arrows are of the same sign (in this case, positive).
A coherent FFL generates a delay in activation because the trans-
criptional activator Y (for example, AP-1 or EGR1) must accumulate
in order to drive induction of the output gene Z (exemplified
by cytokines). The second type of FFL is an incoherent FFL (arrows
are not of the same sign). In this FFL, Y¢ is a slowly induced repressor
that functions to attenuate the signaling in a delayed fashion.
Thus, the output gene Z is induced with a delay by the coherent
FFL, followed by delayed attenuation through the action of the
incoherent FFL.

The last wave of gene expression in this study peaks at 240–480 min
post-stimulation (Fig. 8d). A possible gene circuit that can correspond
to these dynamics is a coherent FFL, based on two intermediate
transcription factors (Y and Y¢). In this proposed circuit, Y¢ partici-
pates as a repressor in an incoherent FFL as well as an activator in a
coherent FFL driving the expression of the late genes (for an example
of opposite effects of a transcriptional regulator, see the effects of KLF2
on transcription driven by AP-1 or SP1 in Supplementary Fig. 3).
Such a design has been found to generate a wave of late gene
expression during Bacillus subtilis sporulation44. A similar mechanism
has been demonstrated for the FOS gene product, where a ‘master
regulator’ of transcription attenuates a preceding wave of transcription
while positively promoting the subsequent wave of transcription29.
Several additional network motifs tentatively identified in this system
(Supplementary Fig. 7 online) include a composite negative feedback
loop involving transcription of DUSPs (to attenuate MAPK activa-
tion) as well as a self-attenuating FFL involving MAFF (Supplemen-
tary Fig. 7). However speculative, these motifs provide a useful
platform to generate experimentally testable hypotheses.
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Figure 8 Potential network motifs used by the EGF-induced transcription program. (a) The early peak of FOS expression may be (at least in part) explained
by a negative autoregulatory loop in which the newly synthesized FOS protein binds to its own promoter to attenuate transcription. (b) A composite negative
feedback loop comprising a transcription activator (for example, TCF) whose activity is attenuated by its target gene (for example, a KLF family protein),
resulting in transient activation of gene expression. (c) Two coupled feed-forward loops (FFLs) may generate expression profiles of late-induced cytokine
genes like IL8. The ‘coherent’ FFL (potentially involving TCF (X) and AP-1 or EGR1 (Y)) generates a delay owing to a necessary accumulation of a
transcriptional activator (such as AP-1 or EGR1), whereas the ‘incoherent’ FFL (potentially involving TCF (X) and KLF2, KLF6 or ATF3 (Y¢)) shows an
intrinsic delay (t) in the induction of the transcriptional repressor Y¢. This structure enables delayed induction of the target gene Z, which is shut down by
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and JUN or the zinc finger transcription factor EGR1 (ref. 6). To assess
the role of transcription in attenuation of EGF signaling, we treated
HeLa cells (a common model system for investigation of growth factor
signaling) with EGF in the presence or absence of the protein
translation inhibitor cycloheximide. We observed that attenuation of
ERK signaling (Fig. 1a), as well as attenuation of immediate-early
transcription (Fig. 1b), is dependent on de novo gene transcription.
This demonstrates a central role for transcription-mediated
feedback control in defining the interval of downstream phosphor-
ylation and transcriptional events, a finding consistent with
previous observations7,8.

MAPKs constitute a node of feedback regulation
In order to define the nodes of EGF-activated phosphorylation
cascades subject to feedback regulation, we used the emerging tech-
nology of reverse-phase protein lysate arrays (RPPA; Fig. 1c and
Supplementary Table 1 online). This assay has been calibrated
extensively to ensure specificity and quantitative reliability in analysis
of a large number of samples across a variety of antibodies9 (see
Supplementary Methods online for explanation of the methodology
and description of the antibodies used). We used 32 different anti-
bodies, 19 of which addressed the phosphorylation state of 16 proteins
within the pathway.

The results demonstrate that the ERK and STAT5 cascades are those
most robustly activated by EGF in HeLa cells. In the presence of the
translational inhibitor cycloheximide (or the transcriptional inhibitor
actinomycin D; data not shown), the activation interval of the MAPK
tier (ERK, JNK and p38) was markedly prolonged. Notably, we did not
observe any obvious effects on the kinetics of other tiers within the

same cascade, nor did we find any effect on other signaling cascades
(Fig. 1c and Supplementary Table 1). Thus, transcription-dependent
attenuation acts at specific nodes within signal transduction cascades,
with the MAPK tier being the major target of this mechanism within
EGF-activated cascades.

Notably, proteins previously characterized as EGF-induced
negative-feedback regulators, such as Sprouty-2 and Mig-6 (ref. 10),
have been demonstrated to repress the activity of the EGF receptor or
other proteins at a similarly high level in the signaling hierarchy. As
the peak induction of these proteins occurs 60–120 min after
stimulation (data not shown), they are active only after the EGF
receptor has been degraded, suggesting that they do not function as
feedback regulators of signaling. Rather, we are led to assume that
these proteins maintain a ‘refractory period’ that decouples the cell
from repetitive stimulation (ref. 11 and data not shown). Recent
observations concerning the function of Sprouty proteins in tooth
development are congruent with this hypothesis12.

The circuitry of growth factor–induced transcription
As we aimed to identify the mechanisms of transcription-dependent
feedback attenuation of growth factor signaling, we constructed a
comprehensive kinetic profile of the transcriptional response of HeLa
cells to EGF (Fig. 1d and Supplementary Table 1). We were surprised
at the coherence of the resulting expression matrix, which showed
clearly defined waves of transcription. The initial wave demonstrated
rapid induction of a small number of previously characterized IEGs at
the first time point (20 min; 14 genes). Examining the identity of
genes within subsequent waves of transcription, we realized that the
coordinate expression could be strongly correlated with similarity of
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Figure 1 MAPKs are a node of transcription-
dependent feedback regulation. (a) Subconfluent
HeLa cells were serum starved for 24 h and then
stimulated with EGF (20 ng/ml) for the indicated
time intervals in the absence or presence of
cycloheximide (1 mg/ml). ERK activation was
assayed by immunoblotting (IB) of cell extracts
with antibodies to the active form of ERK.
(b) HeLa cells, plated and starved as in a, were
subjected to stimulation with EGF, with or without
a pretreatment with cycloheximide (CHX) for
10 min. Total RNA prepared from cell lysates was
subjected to reverse transcription with random
hexamers and analysis by quantitative real-time
PCR with primers specific to FOS and EGR1.
The signals were quantified (relative to time
zero). (c) Subconfluent HeLa cells were serum
starved for 24 h and then stimulated with EGF
(20 ng/ml) for the indicated time intervals in the
absence or presence of cycloheximide (1 mg/ml),
and cell extracts were analyzed by quantitative
reverse-phase protein lysate arrays (Supple-
mentary Methods and Supplementary Table 1).
Data are presented as fraction of peak response.
The chart underneath schematically presents
the pathways analyzed using antibodies to
phosphorylated forms of the indicated proteins.
(d) Serum-starved HeLa cells were stimulated
with EGF for the indicated time intervals,
followed by analysis of RNA expression using
Affymetrix Hu-133A oligonucleotide microarrays
(containing B22,000 human probe sets). The
465 genes whose expression was induced to at
least twice the baseline level were ordered
according to their peak expression time.
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that after growth factor treatment, additional, combinatorial
cues may be required for their activation (Mendoza et al.,
2011). Third, it revealed that several downstream signaling path-
ways have intrinsic dynamic dependencies, selectively respond-
ing to sustained but not transient Ras activation. These dynamic
dependencies are difficult to extract by treatment with normal
extracellular stimuli because of their complex, multibranched
signaling.

We show that this analysis can be used to uncover extra-
cellular as well as intracellular signaling connections: mixing
light-responsive and WT 3T3 cells revealed an Erk-to-STAT3
paracrine signaling circuit. This circuit has two key properties:
(1) it is preferentially activated in cells that did not previously
activate Ras/Erk signaling, and (2) it ensures that only sustained
Erk activation drives cytokine release. We imagine that this
peculiar dual role, combining self-inhibition with transactivation,
might play an important spatial role in signaling.

The cytokine-mediated activation of STAT3 is a ‘‘persistence
detector,’’ preferentially responding to input signals that do
not undergo a transient drop in intensity (Figures 6D–6F, S6H,
and S6I). This observation indicates that the Erk-to-STAT3
module is capable of sophisticated signal processing and is
not merely a slow transcriptional response accumulating
extracellular cytokine over time (which would be insensitive to
a transient drop in input). Network motifs such as the coherent
feedforward loop (Mangan and Alon, 2003; Murphy et al.,
2002), known to be capable of persistence detection, may
play a role in this process.

This optogenetic approach should, in principle, be applicable
to a wide range of signaling nodes, and it would be extremely
useful to use such an approach to catalog the basis set of
responses triggered by a set of the most commonly used
signaling nodes. This basis set of responses might provide the
elemental building blocks that can be used to disentangle and
understand more complex signaling behaviors.

EXPERIMENTAL PROCEDURES

Plasmids
Fragments encoding key domains were amplified from plasmids using PCR

and ligated into a pHR lentiviral backbone using Gibson assembly (Gibson

et al., 2009).

Cell Culture
NIH 3T3 cell lines were generated and cultured as described in Toettcher et al.

(2011). PC12 cell lines were cultured as described in Santos et al. (2007).

Microscopy
Bright-field and confocal microscopy was performed on a Nikon Eclipse Ti

microscope at 37! and in 5% CO2, as described in detail in the Extended

Experimental Procedures.

Cell Lysate Collection, RPPA, and Western Blots
For RPPA and western blots, cell lysates were collected as described in Davies

et al. (2012). For RPPA, lysates were processed and analyzed by the MD

Anderson Cancer Center RPPA Core Facility. For western blots, lysates

were loaded onto 4%–12% Bis-Tris gels, transferred to nitrocellulose, probed

with primary and secondary antibodies, and imaged using Li-Cor Odyssey

imaging system.

Immunofluorescence
Cells were fixed with 4% paraformaldehyde, permeabilized in ice-cold 90%

methanol, blocked, and probed with primary and secondary antibodies before

immediate imaging by confocal microscopy.

SUPPLEMENTAL INFORMATION

Supplemental Information included Extended Experimental Procedures, six

figures, and two movies and can be found with this article online at http://

dx.doi.org/10.1016/j.cell.2013.11.004.
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Temporal information decoding using network motifs

• Short and long signals can have different cellular outcomes

• Precision sensing at the single cell level: Each cell is capable of singular and stable response over hours. 
• ERK signalling is a high bandwidth low pass filter.  
• Differential modular decoding downstream of Ras/ERK: 

— Fast module faithfully transmit Ras dynamics 
— Slow module is a persistence detector that only conveys long lasting signals

• Use optogenetics to perturb the dynamics of Ras signalling
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extracellular stimuli because of their complex, multibranched
signaling.

We show that this analysis can be used to uncover extra-
cellular as well as intracellular signaling connections: mixing
light-responsive and WT 3T3 cells revealed an Erk-to-STAT3
paracrine signaling circuit. This circuit has two key properties:
(1) it is preferentially activated in cells that did not previously
activate Ras/Erk signaling, and (2) it ensures that only sustained
Erk activation drives cytokine release. We imagine that this
peculiar dual role, combining self-inhibition with transactivation,
might play an important spatial role in signaling.

The cytokine-mediated activation of STAT3 is a ‘‘persistence
detector,’’ preferentially responding to input signals that do
not undergo a transient drop in intensity (Figures 6D–6F, S6H,
and S6I). This observation indicates that the Erk-to-STAT3
module is capable of sophisticated signal processing and is
not merely a slow transcriptional response accumulating
extracellular cytokine over time (which would be insensitive to
a transient drop in input). Network motifs such as the coherent
feedforward loop (Mangan and Alon, 2003; Murphy et al.,
2002), known to be capable of persistence detection, may
play a role in this process.

This optogenetic approach should, in principle, be applicable
to a wide range of signaling nodes, and it would be extremely
useful to use such an approach to catalog the basis set of
responses triggered by a set of the most commonly used
signaling nodes. This basis set of responses might provide the
elemental building blocks that can be used to disentangle and
understand more complex signaling behaviors.
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Sensory system networks 
• 1-2 nodes networks: 

Simple regulation and autoregulation: response accelerator 
• 3 nodes networks: Feedforward loops: Persistence detector, pulse 

generator, response accelerator 
• Programmes (temporal, combinatorial)  

Single input modules (SIMs) 
Feedforward circuits (multi FFLs) 
Dense overlapping regulons (DORs) 

Developmental networks: 
• Positive autoregulation: slowed response time/noise filtering 
• Bistable networks: memory 

Network motifs
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• Bistable networks: Memory

Developmental Networks

• How to induce irreversible cellular responses (eg. cell fates) ?

• How to induce responses as a function of variation in input signal?
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Figure 10.7: Mutual repression is ubiquitous in cellular decision making. (A)
The bacteriophage lambda switch that mediates the phage decision to become a
lysogen in the bacterium or engage in lysis. (B) In hematopoietic development,
mutual repression between di↵erent genes have been suggested to ensure the
switch-like adoption of alternate cellular fates. (C) Mutual repression in the
early fruit fly gene network has been associated with the emergence of discrete
domains of gene expression. B, adapted from P. Laslo et al., Semin. Immunol.
20:228–235, 2008 and J. P. Chute et al., it Mol. Endocrinol. 24:1–10, 2010; C,
adapted from S. B. Carroll et al., From DNA to diversity: molecular genetics
and the evolution of animal design, Blackwell Science, 2001 and J. Jaeger, Cell
Mol Life Sci 68:243, 2011.
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10.2. NETWORK MOTIFS 667

(B)(A)

A R1 R2

Figure 10.8: Schematic of di↵erent genetic switching architectures. (A) Auto-
activation architecture in which a gene upregulates its own expression. (B)
Mutual repression architecture where two genes inhibit each other.

in the development of our blood cells. The starting point for such development
is the hematopoietic stem cells shown in Figure 10.7(B). What we see there
is that there are a series of binary cellular fate decisions—where a choice has
to be made between two mutually exclusive developmental programs—in which
the commitment to that fate is implemented through the mutual repression ar-
chitectures considered here. Similarly, in the development of the fly, the body
plan long axis is controlled by a series of mutual repression architectures, shown
in Figure 10.7(C), that are thought to give rise to the sharp gene expression
boundaries that dictate the specification of body segments. In the remainder
of the chapter, we will give a detailed analysis of both switch network motifs
shown in Figure 10.8 as well as showing intriguing case studies in which an
understanding of these switches has been used in a synthetic biology sense to
create such switches in living cells. RP: this is where the es-

timates and feeling for the
numbers goes now that we
have introduced what the
switches are like Time scale
of switching HG+RP: Point
of first section: Gallery
of switches, phenomenology,
estimates. HG: What sort
of estimates can we do for
switching?

10.2.2 Feedforward Loop

HG: Alon has done some
cool stu↵ with this.
Think about it. RP:
make sure to compare
pure And to feedforward
And

A second category of network motif to emerge from the organism-by-organism
analysis of regulatory logic is the feedforward architectures. These common
motifs were discovered in the analysis of the regulatory connections found in
E. coli and budding yeast. One example of this network motif was already
introduced in Figure 10.4 (p. 660). The full set of possible feedforward motifs
are shown in Figure 10.9. As seen in the figure, these motifs feature three
genes, X, Y and Z. Gene X directly regulates the expression of gene Z and, in
addition, indirectly regulates this same gene through the regulation of gene Y.
Each linkage can take one of two forms, either an activation role or a repression
role. Since there are a total of three edges, each of which can adopt one of these
two roles, there are a total of eight distinct feedforward loops. The four on top
are known as coherent since the two inputs pathways into gene Z either both
up regulate or both down regulate it. The incoherent motifs are frustrated in
the sense that the two inputs have contradictory implications for gene Z.

Though we have made a big deal of our continued profound regulatory igno-
rance of genomes from bacteria to humans, nevertheless, much like it was done
for the case of the autoregualtory motif in Section 10.1.1 (p. 656), it has been
possible to use the limited knowledge that we do have to show that certain types

Bistable networks and memory
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• Network with cross 
inhibitory feedback

• Inducible system 
positive feedback circuit 
(via double inhibition)

• Network with cross inhibition

• Network with co-activation

• Network with double negative 
feedback, ie. positive feedback
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FIGURE 1. Model I. The reactions along the two pathways 
a -> b --> c -> d, and = --> fl --> "y --> 8, are catalyzed by 
enzymes E~, E2, E3 and El', E2', E3'. Enzyme E1 is in- 
hibited by 8, the product of the other pathway. Con- 
versely, enzyme E~' is inhibited by metabolite d, pro- 
duced by the first pathway. 

that since the microbial systems are completely re- 
versible, similar mechanisms could not account for 
stable differentiation. But it should be clear that the 
microbial systems must have been geared precisely for 
reversibility, since selection, in microorganisms, will 
necessarily favor the most rapid response to any 
change of environment. Moreover, it is obvious from 
the analysis of these mechanisms that their known ele- 
ments could be connected into a wide variety of "cir- 
cuits", endowed with any desired degree of stability. 
In order to illustrate some of these possibilities, let us 
study a certain number of theoretical model systems 
in which we shall use only the controlling elements 
known to exist in bacteria, interconnected however in 
an arbitrary manner. 

Consider for instance the following model, which 
uses the properties of the allosteric inhibition effect, 
assuming two independent metabolic pathways, giv- 
ing rise to metabolites a, b, c, d, and a, fl, 7, 8 (Fig. 1). 
Assume that the enzymes catalyzing the first reaction 
in each pathway are inhibited by the final product of 
the other pathway. By such "crossfeedback" a system 
of alternative stable states is created where one of the 
two pathways, provided it once had a head-start or a 
temporary metabolic advantage, will permanently in- 
hibit the other. Switching of one pathway to the other 
could be accomplished by a variety of methods, for 
instance by inhibiting temporarily any one of the en- 
zymes of the active pathway. I t  should be noted that 
a model formally identical with this one was proposed 
by Delbriick (1949) (long before feedback inhibition 
was discovered) to account for certain alternative 
steady-states found in ciliates. 
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FIGURE 2. Model II. Synthesis of enzyme E, genetically 
determined by the structural gene SG is blocked by the 
repressor synthesized by the regulator gene RG. The 
product P of the reaction catalyzed by enzyme E acts as 
an inducer of the system by inactivating the repressor. 

The following model corresponds to a classical in- 
duction system, with the only specific assumption that 
the active inducer is not the substrate, but the product 
of the controlled enzyme. (Fig. 2). Such a system is 
autocatalytic and self-sustaining. Although it is not 
self-reproducing in the genetic sense, it should mimic 
certain properties of genetic elements. In the absence 
of any exogenous inducing agent, the enzyme will not 
be synthesized unless already present, when it will 
maintain itself indefinitely. When the system is locked, 
temporary contact with an inducer will unlock it per- 
manently. Actually, certain inducible permease systems 
in E. coli may be described in this way, and behave 
accordingly, as shown by Novick and Weiner (1959), 
and by Cohn and Horibata (1959). A similar mecha- 
nism appears to account for the so-called "slow adapta- 
tion" of yeast to galactose, without having recourse to 
some kind of "plasmagene" as previously believed by 
Spiegelman (1951). 

Two different inducible or repressible systems may 
be interconnected by assuming that each one produces 
the metabolic repressor or the inducer of the other. 
In the first case, as illustrated below (Fig. 3) the en- 
zymes would be mutually exclusive. The presence of 
one would permanently block the synthesis of the 
other. Switching from one state to the other could be 
accomplished by eliminating temporarily the substrate 
of the live system. In  the second case, which may be 
represented as shown in Fig. 4, the two enzymes would 
be mutually dependent; one could not be synthesized 
in the absence of the other, although of course they 
might function in apparently unrelated pathways. 
Temporary inhibition of one of the enzymes, or elimi- 
nation of its substrate, would eventually result in the 
permanent suppression of both. 

In the preceding models, the systems were intercon- 
nected by assuming that the metabolic product of one 
is an inducer or a repressor of the other. Another type 
of interconnection, independent of metabolic activity, 
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FIGURE 3. Model III.  Synthesis of enzyme Ez, genetically 
determined by the structural gene SG1, is regulated by 
the regulator gene RG1. Synthesis of enzyme E=, geneti- 
cally determined by the structural gene SG= is regulated 
by the regulator gene RG=. The product P~ of the reac- 
tion catalyzed by enzyme E~ acts as corepressor in the 
regulation system of enzyme E2. The product P2 of the 
reaction catalyzed by enzyme E2 acts as corepressor in 
the regulation system of enzyme El.  
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FIGURE 1. Model I. The reactions along the two pathways 
a -> b --> c -> d, and = --> fl --> "y --> 8, are catalyzed by 
enzymes E~, E2, E3 and El', E2', E3'. Enzyme E1 is in- 
hibited by 8, the product of the other pathway. Con- 
versely, enzyme E~' is inhibited by metabolite d, pro- 
duced by the first pathway. 

that since the microbial systems are completely re- 
versible, similar mechanisms could not account for 
stable differentiation. But it should be clear that the 
microbial systems must have been geared precisely for 
reversibility, since selection, in microorganisms, will 
necessarily favor the most rapid response to any 
change of environment. Moreover, it is obvious from 
the analysis of these mechanisms that their known ele- 
ments could be connected into a wide variety of "cir- 
cuits", endowed with any desired degree of stability. 
In order to illustrate some of these possibilities, let us 
study a certain number of theoretical model systems 
in which we shall use only the controlling elements 
known to exist in bacteria, interconnected however in 
an arbitrary manner. 

Consider for instance the following model, which 
uses the properties of the allosteric inhibition effect, 
assuming two independent metabolic pathways, giv- 
ing rise to metabolites a, b, c, d, and a, fl, 7, 8 (Fig. 1). 
Assume that the enzymes catalyzing the first reaction 
in each pathway are inhibited by the final product of 
the other pathway. By such "crossfeedback" a system 
of alternative stable states is created where one of the 
two pathways, provided it once had a head-start or a 
temporary metabolic advantage, will permanently in- 
hibit the other. Switching of one pathway to the other 
could be accomplished by a variety of methods, for 
instance by inhibiting temporarily any one of the en- 
zymes of the active pathway. I t  should be noted that 
a model formally identical with this one was proposed 
by Delbriick (1949) (long before feedback inhibition 
was discovered) to account for certain alternative 
steady-states found in ciliates. 
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duction system, with the only specific assumption that 
the active inducer is not the substrate, but the product 
of the controlled enzyme. (Fig. 2). Such a system is 
autocatalytic and self-sustaining. Although it is not 
self-reproducing in the genetic sense, it should mimic 
certain properties of genetic elements. In the absence 
of any exogenous inducing agent, the enzyme will not 
be synthesized unless already present, when it will 
maintain itself indefinitely. When the system is locked, 
temporary contact with an inducer will unlock it per- 
manently. Actually, certain inducible permease systems 
in E. coli may be described in this way, and behave 
accordingly, as shown by Novick and Weiner (1959), 
and by Cohn and Horibata (1959). A similar mecha- 
nism appears to account for the so-called "slow adapta- 
tion" of yeast to galactose, without having recourse to 
some kind of "plasmagene" as previously believed by 
Spiegelman (1951). 

Two different inducible or repressible systems may 
be interconnected by assuming that each one produces 
the metabolic repressor or the inducer of the other. 
In the first case, as illustrated below (Fig. 3) the en- 
zymes would be mutually exclusive. The presence of 
one would permanently block the synthesis of the 
other. Switching from one state to the other could be 
accomplished by eliminating temporarily the substrate 
of the live system. In  the second case, which may be 
represented as shown in Fig. 4, the two enzymes would 
be mutually dependent; one could not be synthesized 
in the absence of the other, although of course they 
might function in apparently unrelated pathways. 
Temporary inhibition of one of the enzymes, or elimi- 
nation of its substrate, would eventually result in the 
permanent suppression of both. 

In the preceding models, the systems were intercon- 
nected by assuming that the metabolic product of one 
is an inducer or a repressor of the other. Another type 
of interconnection, independent of metabolic activity, 
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FIGURE 3. Model III.  Synthesis of enzyme Ez, genetically 
determined by the structural gene SG1, is regulated by 
the regulator gene RG1. Synthesis of enzyme E=, geneti- 
cally determined by the structural gene SG= is regulated 
by the regulator gene RG=. The product P~ of the reac- 
tion catalyzed by enzyme E~ acts as corepressor in the 
regulation system of enzyme E2. The product P2 of the 
reaction catalyzed by enzyme E2 acts as corepressor in 
the regulation system of enzyme El.  
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would be obtained by assuming a regulator gene con- 
trolled by an operator, sensitive to another regulator. 
For instance, in the system shown below (Fig. 5) a 
regulator gene controls the synthesis of enzymes within 
an operon which includes another regulator gene act- 
ing upon the operator to which the first one is at- 
tached. Such a system would be completely independ- 
ent of the actual metabolic activity of the enzymes, 
and could be switched from the inactive to the active 
state by transient contact with a specific inducer, pro- 
duced for instance only by another tissue. Once acti- 
vated, the system could not be switched back except 
by addition of the aporepressor made by the first regu- 
lator gene. The change of state would therefore be 
virtually irreversible. I t  is easy to see that, conversely, 
starting from the active state, transient contact with 
an inducer acting on the product of RG~ would switch 
the system, permanently, to the inactive state. 

Finally the following type of circuit might be in- 
teresting to consider in relation to cyclic phenomena. 
In this circuit, the product of one enzyme is an inducer 
of the other system while the product of the second 
enzyme is a corepressor (Fig. 6). A study of the prop- 
erties of this circuit will show that, provided ade- 
quate time constants are chosen for the decay of each 
enzyme and of its product, the system will oscillate 
from one state to the other. 

These examples should suffice to show that, by the 
use of the principles which they illustrate, any num- 
ber of systems may be interconnected into regulatory 
circuits endowed with virtually any desired property. 
The essential point about the imaginary circuits which 
we examined, is that their elements are not imaginary. 
The particular properties of each circuit are obtained 
only by assuming the proper type of specific inter- 
connection. Such assumptions are freely permitted 
since, as we have already seen, the specificity of induc- 
tion-repression and of allosteric inhibition is not re- 
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FIGURE 4. Model IV. Synthesis of enzyme E~, genetically 
determined by the structural gene SG~ is blocked by the 
repressor synthesized by the regulator gene RG~. Synthe- 
sis of another enzyme E2, controlled by structural gene 
SG2 is blocked by another repressor synthesized by regu- 
lator gene RG2. The product P1 of the reaction catalyzed 
by enzyme E~ acts as an inducer for the synthesis of 
enzyme E~ and the product P2 of the reactions catalyzed 
by enzyme E2 acts as an inducer for the synthesis of en- 
zyme E~. 
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FIGURE 5. Model V. The regulator gene RG1 controls the 
activity of an operon containing three structural genes 
(SG~, SG~, SG3) and another regulator gene RG~. The 
regulator gene RG1 itself belongs to another operon sensi- 
tive to the repressor synthesized by RG2. The action of 
RG~ can be antagonized by an inducer I~, which ac- 
tivates SG~, SG~, SG8 and RG2 (and therefore inactivates 
RG~). The action of RG~ can be antagonized by  an in- 
ducer L which activates RG~ (and therefore inactivates 
the systems SG1, SG~, SG, and RG~). 

stricted by any chemical principle of analogy, and ap- 
parently is exclusively the result of selection for the 
most efficient regulation. 

The models involving only metabolic steady-states 
maintained by allosteric effects are insufficient to ac- 
count for differentiation, which must involve directed 
alterations in the capacity of individual cells to syn- 
thesize specific proteins. Such models would seem to 
be most adequate to account for the almost instantane- 
ous, and thereafter more or less permanent, "memori- 
zation" by cells of a chemical event. The problem of 
memory itself might usefully be considered from this 
point of view. 

I t  has long been recognized, by embryologists and 
biochemists alike, that "enzymatic adaptation" might 
offer an experimental approach toward the interpreta- 
tion of differentiation. The realization that induction 
and repression are governed by specialized regulatory 
genes, that both eventually operate by controlling 
negatively the activity of structural genes, and that 
the specificity of inducers or repressors is entirely 
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FIGtTRE 6. Model VI. Synthesis of enzyme El, genetically 
determined by the structural gene SG1, is blocked by the 
repressor synthesized by the regulator gene RG1. Synthe- 
sis of another enzyme E~, controlled by structural gene 
SG2, is blocked by another repressor synthesized by 
regulator gene RG~. The product P1 of the reaction cata- 
lyzed by enzyme E1 acts as an inducer for the synthesis 
of enzyme E~ while the product P2 of the reaction cata- 
lyzed by enzyme E2 acts as a corepressor for the synthe- 
sis of enzyme El. 
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would be obtained by assuming a regulator gene con- 
trolled by an operator, sensitive to another regulator. 
For instance, in the system shown below (Fig. 5) a 
regulator gene controls the synthesis of enzymes within 
an operon which includes another regulator gene act- 
ing upon the operator to which the first one is at- 
tached. Such a system would be completely independ- 
ent of the actual metabolic activity of the enzymes, 
and could be switched from the inactive to the active 
state by transient contact with a specific inducer, pro- 
duced for instance only by another tissue. Once acti- 
vated, the system could not be switched back except 
by addition of the aporepressor made by the first regu- 
lator gene. The change of state would therefore be 
virtually irreversible. I t  is easy to see that, conversely, 
starting from the active state, transient contact with 
an inducer acting on the product of RG~ would switch 
the system, permanently, to the inactive state. 

Finally the following type of circuit might be in- 
teresting to consider in relation to cyclic phenomena. 
In this circuit, the product of one enzyme is an inducer 
of the other system while the product of the second 
enzyme is a corepressor (Fig. 6). A study of the prop- 
erties of this circuit will show that, provided ade- 
quate time constants are chosen for the decay of each 
enzyme and of its product, the system will oscillate 
from one state to the other. 

These examples should suffice to show that, by the 
use of the principles which they illustrate, any num- 
ber of systems may be interconnected into regulatory 
circuits endowed with virtually any desired property. 
The essential point about the imaginary circuits which 
we examined, is that their elements are not imaginary. 
The particular properties of each circuit are obtained 
only by assuming the proper type of specific inter- 
connection. Such assumptions are freely permitted 
since, as we have already seen, the specificity of induc- 
tion-repression and of allosteric inhibition is not re- 
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sis of another enzyme E2, controlled by structural gene 
SG2 is blocked by another repressor synthesized by regu- 
lator gene RG2. The product P1 of the reaction catalyzed 
by enzyme E~ acts as an inducer for the synthesis of 
enzyme E~ and the product P2 of the reactions catalyzed 
by enzyme E2 acts as an inducer for the synthesis of en- 
zyme E~. 
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FIGURE 5. Model V. The regulator gene RG1 controls the 
activity of an operon containing three structural genes 
(SG~, SG~, SG3) and another regulator gene RG~. The 
regulator gene RG1 itself belongs to another operon sensi- 
tive to the repressor synthesized by RG2. The action of 
RG~ can be antagonized by an inducer I~, which ac- 
tivates SG~, SG~, SG8 and RG2 (and therefore inactivates 
RG~). The action of RG~ can be antagonized by  an in- 
ducer L which activates RG~ (and therefore inactivates 
the systems SG1, SG~, SG, and RG~). 

stricted by any chemical principle of analogy, and ap- 
parently is exclusively the result of selection for the 
most efficient regulation. 

The models involving only metabolic steady-states 
maintained by allosteric effects are insufficient to ac- 
count for differentiation, which must involve directed 
alterations in the capacity of individual cells to syn- 
thesize specific proteins. Such models would seem to 
be most adequate to account for the almost instantane- 
ous, and thereafter more or less permanent, "memori- 
zation" by cells of a chemical event. The problem of 
memory itself might usefully be considered from this 
point of view. 

I t  has long been recognized, by embryologists and 
biochemists alike, that "enzymatic adaptation" might 
offer an experimental approach toward the interpreta- 
tion of differentiation. The realization that induction 
and repression are governed by specialized regulatory 
genes, that both eventually operate by controlling 
negatively the activity of structural genes, and that 
the specificity of inducers or repressors is entirely 
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FIGtTRE 6. Model VI. Synthesis of enzyme El, genetically 
determined by the structural gene SG1, is blocked by the 
repressor synthesized by the regulator gene RG1. Synthe- 
sis of another enzyme E~, controlled by structural gene 
SG2, is blocked by another repressor synthesized by 
regulator gene RG~. The product P1 of the reaction cata- 
lyzed by enzyme E1 acts as an inducer for the synthesis 
of enzyme E~ while the product P2 of the reaction cata- 
lyzed by enzyme E2 acts as a corepressor for the synthe- 
sis of enzyme El. 
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FIGURE 1. Model I. The reactions along the two pathways 
a -> b --> c -> d, and = --> fl --> "y --> 8, are catalyzed by 
enzymes E~, E2, E3 and El', E2', E3'. Enzyme E1 is in- 
hibited by 8, the product of the other pathway. Con- 
versely, enzyme E~' is inhibited by metabolite d, pro- 
duced by the first pathway. 

that since the microbial systems are completely re- 
versible, similar mechanisms could not account for 
stable differentiation. But it should be clear that the 
microbial systems must have been geared precisely for 
reversibility, since selection, in microorganisms, will 
necessarily favor the most rapid response to any 
change of environment. Moreover, it is obvious from 
the analysis of these mechanisms that their known ele- 
ments could be connected into a wide variety of "cir- 
cuits", endowed with any desired degree of stability. 
In order to illustrate some of these possibilities, let us 
study a certain number of theoretical model systems 
in which we shall use only the controlling elements 
known to exist in bacteria, interconnected however in 
an arbitrary manner. 

Consider for instance the following model, which 
uses the properties of the allosteric inhibition effect, 
assuming two independent metabolic pathways, giv- 
ing rise to metabolites a, b, c, d, and a, fl, 7, 8 (Fig. 1). 
Assume that the enzymes catalyzing the first reaction 
in each pathway are inhibited by the final product of 
the other pathway. By such "crossfeedback" a system 
of alternative stable states is created where one of the 
two pathways, provided it once had a head-start or a 
temporary metabolic advantage, will permanently in- 
hibit the other. Switching of one pathway to the other 
could be accomplished by a variety of methods, for 
instance by inhibiting temporarily any one of the en- 
zymes of the active pathway. I t  should be noted that 
a model formally identical with this one was proposed 
by Delbriick (1949) (long before feedback inhibition 
was discovered) to account for certain alternative 
steady-states found in ciliates. 

R G  0 SG 'L' 'J' l '  
E 

" P ~  . . . . . . . .  S 

FIGURE 2. Model II. Synthesis of enzyme E, genetically 
determined by the structural gene SG is blocked by the 
repressor synthesized by the regulator gene RG. The 
product P of the reaction catalyzed by enzyme E acts as 
an inducer of the system by inactivating the repressor. 

The following model corresponds to a classical in- 
duction system, with the only specific assumption that 
the active inducer is not the substrate, but the product 
of the controlled enzyme. (Fig. 2). Such a system is 
autocatalytic and self-sustaining. Although it is not 
self-reproducing in the genetic sense, it should mimic 
certain properties of genetic elements. In the absence 
of any exogenous inducing agent, the enzyme will not 
be synthesized unless already present, when it will 
maintain itself indefinitely. When the system is locked, 
temporary contact with an inducer will unlock it per- 
manently. Actually, certain inducible permease systems 
in E. coli may be described in this way, and behave 
accordingly, as shown by Novick and Weiner (1959), 
and by Cohn and Horibata (1959). A similar mecha- 
nism appears to account for the so-called "slow adapta- 
tion" of yeast to galactose, without having recourse to 
some kind of "plasmagene" as previously believed by 
Spiegelman (1951). 

Two different inducible or repressible systems may 
be interconnected by assuming that each one produces 
the metabolic repressor or the inducer of the other. 
In the first case, as illustrated below (Fig. 3) the en- 
zymes would be mutually exclusive. The presence of 
one would permanently block the synthesis of the 
other. Switching from one state to the other could be 
accomplished by eliminating temporarily the substrate 
of the live system. In  the second case, which may be 
represented as shown in Fig. 4, the two enzymes would 
be mutually dependent; one could not be synthesized 
in the absence of the other, although of course they 
might function in apparently unrelated pathways. 
Temporary inhibition of one of the enzymes, or elimi- 
nation of its substrate, would eventually result in the 
permanent suppression of both. 

In the preceding models, the systems were intercon- 
nected by assuming that the metabolic product of one 
is an inducer or a repressor of the other. Another type 
of interconnection, independent of metabolic activity, 
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FIGURE 3. Model III.  Synthesis of enzyme Ez, genetically 
determined by the structural gene SG1, is regulated by 
the regulator gene RG1. Synthesis of enzyme E=, geneti- 
cally determined by the structural gene SG= is regulated 
by the regulator gene RG=. The product P~ of the reac- 
tion catalyzed by enzyme E~ acts as corepressor in the 
regulation system of enzyme E2. The product P2 of the 
reaction catalyzed by enzyme E2 acts as corepressor in 
the regulation system of enzyme El.  
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shall use only the controlling elements 
known to exist in bacteria, interconnected 
however in an arbitrary manner. »
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Figure 10.7: Mutual repression is ubiquitous in cellular decision making. (A)
The bacteriophage lambda switch that mediates the phage decision to become a
lysogen in the bacterium or engage in lysis. (B) In hematopoietic development,
mutual repression between di↵erent genes have been suggested to ensure the
switch-like adoption of alternate cellular fates. (C) Mutual repression in the
early fruit fly gene network has been associated with the emergence of discrete
domains of gene expression. B, adapted from P. Laslo et al., Semin. Immunol.
20:228–235, 2008 and J. P. Chute et al., it Mol. Endocrinol. 24:1–10, 2010; C,
adapted from S. B. Carroll et al., From DNA to diversity: molecular genetics
and the evolution of animal design, Blackwell Science, 2001 and J. Jaeger, Cell
Mol Life Sci 68:243, 2011.
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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was demonstrated in the SOS DNA-repair system of 
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measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
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promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
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by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.
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cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
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a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
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E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
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REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
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distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
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occurs when a transcription factor enhances its own 
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Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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78   ◾   An Introduction to Systems Biology

5.1.1  Positive Autoregulation Slows Responses and Can Lead to Bistability
Developmental networks have many more positive 
autoregulation (PAR) loops than sensory networks 
do (Figure 5.1). In PAR, a protein activates its own 
transcription.

Positive autoregulation has an opposite e!ect to that 
of negative autoregulation: it slows the response time 
relative to simple regulation (Figure 5.2). "e dynamics 
are initially slow, but as the levels of X 
build up, it increases its own production 
and reaches halfway to steady state at a 
delay relative to simple regulation.

To understand this slowing-down 
e!ect, we can repeat the rate analysis that 
we did for negative autoregulation. In 
Figure 5.3, we draw the production and 
removal curves for a gene with PAR. "e 
Equation is dX/dt = f(x) − αX. Removal 
rate is a straight line, αX. Production 
rate is an increasing input function f(X) 
appropriate for the auto-activation of X.

"e two curves intersect at a #xed 
point, the steady state of the system. "e 
#xed point is stable, because shi$ing X 
to either side causes a return to the #xed 
point. "e speed for approaching the 
#xed point (speed equals the distance 
between production and removal 
curves) is smaller in PAR than in simple 
regulation, which has a %at production 
curve f(X) = β (Figure 5.3). "us, PAR 
shows slowdown for any increasing input 
function f(X).

"e slow dynamics provided by positive 
autoregulation are useful in multi-stage 
processes that take a relatively long time, 
such as developmental processes. "ese 
processes can benefit from prolonged 
delays between the production of proteins 
responsible for di!erent stages. Slow response times also help #lter out rapidly varying 
noise&in input signals, because slow responses integrate over this noise so that it cancels 
itself out (Hornung and Barkai, 2008).
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• PAR can ensure sensitivity and noise filtering

Negative Feedback increases sensitivity (gain) but amplifies noise 

required noise buffering. A specific example for such a
network is involved in nitrogen homeostasis in yeast [20–22]
(Figure 3A). Here, a transcription factor (Gat1p), which is
activated by nuclear Gln3p, feeds back to enhance its own
transcription, and in addition induces a transcriptional
repressor (DAL80) that competes with Gat1p for the same
DNA binding sites. This competition effectively weakens the
positive feedback and ensures stability. Denoting the input
signal to the system by n0, the output Gat1p by n1 and the
repressor Dal80p by n2, the system can be modeled by the
following two differential equations:

dn1
dt
! b1n0

n1=K11

1þ n1=K11 þ n2=K12
þ l# a1n1; ð9Þ

dn2
dt
! b2

n1=K21

1þ n1=K21 þ ðn2=K22Þ2
# a2n2: ð10Þ

Here ai and bi denote the degradation and transcription
rate constants, respectively, and l is a low rate of basal
transcription required to prevent the shutdown of the system,
n1! n2! 0. We will neglect this factor in subsequent analysis.
The Kij coefficients in the protein production terms are
dissociation constants, with n2/Ki2 describing the competitive
inhibition of Dal80p. The Hill coefficient of n2 binding to its
own promoter is 2 because Dal80p binds as a dimer [21,22].
The Hill coefficient of n2 binding to the n1 promoter is set to
1 to enhance noise buffering and susceptibility (although a
value of 2 would still increase noise averaging).

For the system described by Equations 9 and 10 to operate
as a sensitive noise buffer, it must work in a regime where all
interactions are unsaturated. Hence, all the binding constants
of the repressor, Ki2, must be small, and all binding constants
of the activator, Ki1, must be large. In this regime, Equations 9
and 10 reduce to

dn1
dt
! b1n0

n1=K11

n2=K12
# a1n1; ð11Þ

and

dn2
dt
! b2

n1=K21

ðn2=K22Þ2
# a2n2: ð12Þ

Finally, if n2 responds more rapidly than n1 and n0 (H22a2 &
H11a1, 1/s0), then it can be assumed to be at quasi-steady state,
and Equations 11 and 12 are combined to

dn1
dt
! b1n0

K12

K11

b2

a2

K2
22

K21

! "#1=3
n2=31 # a1n1: ð13Þ

The power law dependence of the transcription rate on n1
results in an almost-constant elasticity H effective

11 ! 1/3
(@lnJþ1 =@lnn1 ! 2

3 in Equation 5). Hence, this network can
buffer noise and maintain susceptibility for a large range of
concentrations at which it remains unsaturated. A more
rigorous analysis of the system is presented in Section VI of
Text S1.
Detailed simulations confirm that this system can indeed

buffer propagated noise, as compared to a loop-free system
with the same levels of susceptibility (Figure 3B and 3C).
Furthermore, the noise buffering capacity and the suscept-
ibility of this system are maintained over a large range of
input levels (Text S1, Section VI).

Discussion

The ability to distinguish input signals from stochastic
fluctuations is crucial for reliable information processing.
Yet, being processed by the same computation device, signal
and noise are inherently coupled. It thus comes as no surprise
that increasing the ability to buffer propagated noise comes
typically at the expense of reducing the sensitivity toward the
input signal. We study this interplay in the context of a
special class of systems where the signal is retained for long
time periods, whereas the noise fluctuates rapidly. Such
systems are ubiquitous in the adjustment of cells to aspects of
their extracellular environment.

Figure 3. A Mechanism To Robustly Amplify a Signal and Average Noise

(A) In the yeast nitrogen catabolite repression system, the transcription factor Gat1p is activated in response to Gln3p. It can then activate its own
transcription, as well as DAL80, which binds to the same sequences as Gat1p and represses transcription.
(B) The mean output (Gat1p) levels and its (C) noise content are shown for different input (nuclear Gln3p) levels. Simulation results are shown for the
nitrogen system (pink line) and for a system with no feedback but with similar sensitivity (dashed blue line). The input noise level is g0 ! 1, and its
autocorrelation time is s0!2 units. The other time constants are s1! s2!10 units. Dal80p binds its own promoter with a Hill coefficient of 2, whereas all
other Hill coefficients equal 1.
doi:10.1371/journal.pcbi.0040008.g003
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Noise Propagation and Signaling Sensitivity

Dal80 repression = fast negative feedback → 
stabilization to prevent runaway or bistability.

Gat1 self-activation = positive feedback → 
noise buffering via time averaging.

Positive Feedback increases sensitivity AND can buffer noise, by 
allowing longer averaging over delayed response

G. Hornung and N. Barkai Plos Comp. Biol. 4, 55-61 (2008)

Results

Negative Feedback Amplifies Propagated Noise When
Sensitivity Is Controlled for

To begin analyzing the effect of network architecture on
the interplay between sensitivity and noise buffering, we
considered a two-component cascade with a negative feed-
back loop. This cascade is composed of an input node, n0,
which activates an output node, n1. The output node feeds
back to repress its own expression (Figure 1A). Formally, this
system is described by

dn1
dt
! b1

nh00
1þ nh00

1
1þ nh11

# n1
s1
; ð1Þ

where b1 denotes the maximal rate of n1 production, s#11
denotes the rate of n1 degradation, and h0, h1 are Hill
coefficients. Note that n0 and n1 are normalized by their
respective dissociation constants from the gene promoter.

We consider an input signal n0(t) ! hn0i þ r0(t) which
fluctuates around some mean level hn0i. The fluctuating
component r0(t) has a zero mean and some autocorrelation
time s0. Figure 1B depicts the temporal fluctuations of n1 for a
system with a strong negative feedback (Hill coefficient h1 !
4). The analogous dynamics for a system that lacks such
feedback (h1 ! 0) is also shown. Consistent with previous
studies [10–12], output noise is lower in the presence of
negative feedback. Nevertheless, negative feedback also
significantly lowers the sensitivity of the system to a two-fold
change in the level of the mean input (Figure 1C).
To rigorously quantify the interplay between the sensitivity

of the input–output relation and the buffering of propagated
noise, we define two measures for the sensitivity and noise-
amplification of the system. The steady-state sensitivity is
captured by the susceptibility, s, [3,13,14] (also termed gain [9])
defined as the relative change in output following a change in
the input:

s ! hn0i
hn1i

dhn1i
dhn0i

! dlnhn1i
dlnhn0i

; ð2Þ

with all quantities measured at steady state. The measure for
noise amplification !g is defined as the ratio between the
output and input noise:

!g ! g1

g0
! stdðn1Þ=hn1i

stdðn0Þ=hn0i
ð3Þ

As before, all quantities are measured at steady state. Both s
and !g depend on the different parameters of the system,
including the Hill coefficients and mean input levels.
Figure 1D depicts the noise amplification versus suscept-

ibility for different levels of mean input. The case of no
feedback (h1 ! 0) is compared to that of increasing feedback
cooperativity (h1! 1 and 2). Again, a clear interplay between
susceptibility and noise buffering is observed, with systems
that are more sensitive to changes in the input level being
also more vulnerable to noise. Notably, this interplay seems to
be more severe in the presence of negative feedback. Thus,

Figure 1. Comparison of a System with Negative Feedback and without Negative Feedback

(A) A system with negative feedback (pink) and without negative feedback (blue) were compared in terms of (B) the output noise in response to
fluctuations in the input (green), and (C) the deterministic response of the two systems to a 2-fold change in the input.
(D) Noise amplification versus susceptibility for negative feedback with different Hill coefficients. The color-code is the level of saturation of the input
promoter. Sensitivity was calculated by solving the steady-state equations after a 1% change in the input levels, and noise amplification was the result
of stochastic simulations (Methods).
doi:10.1371/journal.pcbi.0040008.g001
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Author Summary

Biological circuits need to be sensitive to changes in environmental
signals but at the same time buffer rapid fluctuations (noise) that
might be imposed on this input. In this paper, we analyze the
interplay between sensitivity to signals and the ability to buffer noise.
Previous studies reported that negative feedback attenuates noise.
We show, however, that this ability comes at the expense of an even
more dramatic reduction in sensitivity. In fact, when comparing
systems of the same sensitivity, a system with negative feedback is
more amenable to noise than a system without such feedback. We
searched for small biological circuits that can buffer noise while
maintaining high sensitivity, and found that positive feedback
exhibits this property. This ability of positive feedback to buffer
noise reflects its slowed-down dynamics. We discuss general
requirements for the function of positive feedback as a noise-
filtering device and describe a particular implementation that
appears to function in yeast nutrient homeostasis. Our study
emphasizes the need to consider multiple constraints when
analyzing the design logic of biological networks.
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4). The analogous dynamics for a system that lacks such
feedback (h1 ! 0) is also shown. Consistent with previous
studies [10–12], output noise is lower in the presence of
negative feedback. Nevertheless, negative feedback also
significantly lowers the sensitivity of the system to a two-fold
change in the level of the mean input (Figure 1C).
To rigorously quantify the interplay between the sensitivity

of the input–output relation and the buffering of propagated
noise, we define two measures for the sensitivity and noise-
amplification of the system. The steady-state sensitivity is
captured by the susceptibility, s, [3,13,14] (also termed gain [9])
defined as the relative change in output following a change in
the input:

s ! hn0i
hn1i

dhn1i
dhn0i

! dlnhn1i
dlnhn0i

; ð2Þ

with all quantities measured at steady state. The measure for
noise amplification !g is defined as the ratio between the
output and input noise:

!g ! g1

g0
! stdðn1Þ=hn1i

stdðn0Þ=hn0i
ð3Þ

As before, all quantities are measured at steady state. Both s
and !g depend on the different parameters of the system,
including the Hill coefficients and mean input levels.
Figure 1D depicts the noise amplification versus suscept-

ibility for different levels of mean input. The case of no
feedback (h1 ! 0) is compared to that of increasing feedback
cooperativity (h1! 1 and 2). Again, a clear interplay between
susceptibility and noise buffering is observed, with systems
that are more sensitive to changes in the input level being
also more vulnerable to noise. Notably, this interplay seems to
be more severe in the presence of negative feedback. Thus,

Figure 1. Comparison of a System with Negative Feedback and without Negative Feedback

(A) A system with negative feedback (pink) and without negative feedback (blue) were compared in terms of (B) the output noise in response to
fluctuations in the input (green), and (C) the deterministic response of the two systems to a 2-fold change in the input.
(D) Noise amplification versus susceptibility for negative feedback with different Hill coefficients. The color-code is the level of saturation of the input
promoter. Sensitivity was calculated by solving the steady-state equations after a 1% change in the input levels, and noise amplification was the result
of stochastic simulations (Methods).
doi:10.1371/journal.pcbi.0040008.g001
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Author Summary

Biological circuits need to be sensitive to changes in environmental
signals but at the same time buffer rapid fluctuations (noise) that
might be imposed on this input. In this paper, we analyze the
interplay between sensitivity to signals and the ability to buffer noise.
Previous studies reported that negative feedback attenuates noise.
We show, however, that this ability comes at the expense of an even
more dramatic reduction in sensitivity. In fact, when comparing
systems of the same sensitivity, a system with negative feedback is
more amenable to noise than a system without such feedback. We
searched for small biological circuits that can buffer noise while
maintaining high sensitivity, and found that positive feedback
exhibits this property. This ability of positive feedback to buffer
noise reflects its slowed-down dynamics. We discuss general
requirements for the function of positive feedback as a noise-
filtering device and describe a particular implementation that
appears to function in yeast nutrient homeostasis. Our study
emphasizes the need to consider multiple constraints when
analyzing the design logic of biological networks.

Noise Propagation and Signaling Sensitivity

sensitivity/gain

noise amplification

(relative change in output 
following a change in the input)

(ratio of output and input noise)
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Figure 10.20: The origins of bistability in the auto-activation switch. The rates
of degradation and activator production are plotted as a function of activator
concentration. For the specific choices of parameters used in this schematic
plot, there are three intersection points of the two curves. These intersection
points imply that the rate of production and degradation are exactly matched
and that the system is in steady state. The vector diagram beneath the plot
shows the direction that the activator concentration will spontaneously change
if the system is not at one of the fixed points. The dark filled circles are the
stable fixed points and the open circle is the unstable fixed point.

• PAR can cause bistability when 
the autoregulation function shows 
cooperativity.
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5.1.1  Positive Autoregulation Slows Responses and Can Lead to Bistability
Developmental networks have many more positive 
autoregulation (PAR) loops than sensory networks 
do (Figure 5.1). In PAR, a protein activates its own 
transcription.

Positive autoregulation has an opposite e!ect to that 
of negative autoregulation: it slows the response time 
relative to simple regulation (Figure 5.2). "e dynamics 
are initially slow, but as the levels of X 
build up, it increases its own production 
and reaches halfway to steady state at a 
delay relative to simple regulation.

To understand this slowing-down 
e!ect, we can repeat the rate analysis that 
we did for negative autoregulation. In 
Figure 5.3, we draw the production and 
removal curves for a gene with PAR. "e 
Equation is dX/dt = f(x) − αX. Removal 
rate is a straight line, αX. Production 
rate is an increasing input function f(X) 
appropriate for the auto-activation of X.

"e two curves intersect at a #xed 
point, the steady state of the system. "e 
#xed point is stable, because shi$ing X 
to either side causes a return to the #xed 
point. "e speed for approaching the 
#xed point (speed equals the distance 
between production and removal 
curves) is smaller in PAR than in simple 
regulation, which has a %at production 
curve f(X) = β (Figure 5.3). "us, PAR 
shows slowdown for any increasing input 
function f(X).

"e slow dynamics provided by positive 
autoregulation are useful in multi-stage 
processes that take a relatively long time, 
such as developmental processes. "ese 
processes can benefit from prolonged 
delays between the production of proteins 
responsible for di!erent stages. Slow response times also help #lter out rapidly varying 
noise&in input signals, because slow responses integrate over this noise so that it cancels 
itself out (Hornung and Barkai, 2008).
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1.3.3  The Numbers on the Arrows: Input Functions
!e arrows not only have signs, but 
also carry numbers that correspond 
to the strength of the interaction. !e 
strength of the e"ect of a transcription 
factor on a target gene is described 
by an input function. Consider the 
production rate of protein Y controlled 
by a transcription factor X. When X 
regulates Y, represented in the network 
by X → Y, the number of molecules of 
protein Y produced per unit time is a 
function of the concentration of X in its 
active form, X*:

 rate of production of Y = f(X*) (1.3.1)

Typically, the input function f(X*) is a monotonic function. It is an increasing function 
when X is an activator (Figure 1.6) and a decreasing function when X is a repressor. A 
useful function that realistically describes many gene input functions is called the Hill 
function. !e Hill function can be derived from considering the equilibrium binding of 
the transcription factor to its site on the promoter (see Appendix A for further details). !e 
Hill input function for an activator is a curve that rises from zero and approaches a maximal 
saturated level (Figure 1.6):

 
f X X

K X
n

n n( *) ,=
+

β *
*

Hill function for an activator
 (1.3.2)

!e Hill function has three parameters, K, β and n. !e #rst parameter, K, is termed 
the activation coe!cient, and has units of concentration. It de#nes the concentration 
of active X needed to signi#cantly activate expression. From the equation it is easy to 
see that half-maximal expression is reached when X* = K (Figure 1.6). !e value of K is 
determined by the chemical a$nity between X and its binding site on the promoter, as 
well as additional factors. !e second parameter in the input function is the maximal 
promoter activity, β. Maximal activity is reached at high activator concentrations, 
X* ≫ K, because at high concentrations, X* binds the promoter with high probability 
and stimulates RNAp to produce many mRNAs per unit time. Finally, the Hill coe!cient 
n determines the steepness of the input function. !e larger n is, the more step-like 
the input function (Figure 1.6). Typically, input functions are moderately steep, with 
n = 1–4.
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Figure 10.23: Expression dynamics of the auto-activation genetic switch for
di↵erent initial conditions. The three fixed points are shown as horizontal lines.
Depending upon the initial conditions, all activator concentrations tend to one of
the two stable fixed points. Note that the two stable fixed points correspond to
low and high levels of activator expression corresponding to switch-like behavior.
The parameters used in the numerical integration of eqn. 10.21 are Kd = 1 nM,
r0 = 0.01 nM/min, r1 = 0.05 nM/min, r2 = 1 nM/min, � = 1/min and ! = 10.

as a function of time, with the long-time limit determined by the fixed points.
Specifically, just as was seen in the phase portrait of Figure 10.22(B), when
the initial concentration is lower than the concentration at the first fixed point,
over time it will evolve towards that first fixed point. For initial concentrations
between the first and second fixed point, the concentration evolves to the first
fixed point. Similarly, for concentrations between the second and third fixed
points, the system evolves towards the third fixed point, as it also does for
initial concentrations above the third fixed point. We explore the bifurcations
that result from di↵erent concentrations of activator in more detail below.

Switching behavior is often induced by the tuning of some knob. In fig-
ure 10.22 we already revealed how changing the cooperativity parameter ! can
alter the input-output function in a manner where we can switch from a system
supporting only one stable fixed point, to one featuring two stable fixed points
and one unstable fixed point. As we saw in chap. 6 (p. 449), one of the most
important biological knobs that gets tuned is the concentration of inducer which
can render repressors inactive or can activate activators. Here we first explore
the bistability question abstractly by exploring the instability as a function of
the parameter Kd with which the activator binds the DNA. Then, in the next
section, we consider the more biologically realistic case where inducer itself is
the relevant biological knob.

Figure 10.24 provides an intuitive sense of how to think about the bifur-
cation where the system transitions from having only one fixed point to the
case in which there are three fixed points. Specifically, figure 10.24(A) shows
the activator concentration corresponding to fixed points as a function of the

basin of attraction

basin of attraction

separatrix

Xhigh

Xu

Xlow

Xlow Xu Xhigh

Rate analysis reveals 3 fixed points, 2 are stable 
(Xlow , Xhigh) and 1 is unstable (Xu). 
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Figure 10.21: Bistability in the auto-activation switch depends upon the choice
of parameters. The vectors beneath each plot show the direction of “flow” of the
system. (A) For high degradation rates, there is only a single fixed point at low
activator concentration. (B) Intermediate choices of degradation rate yield three
fixed points, two of which are stable. (C) For low degradation rates, there is only
one fixed point at large activator concentration. Note that these are all log-log
plots. Parameters used are Kd = 1 nM, r0 = 0.01 nM/min, r1 = 0.05 nM/min,
r2 = 1 nM/min and ! = 10. Further, � = 2/min, � = 1/min and � = 0.5/min
for (A), (B) and (C), respectively

production term is larger than the degradation term. The length of the vectors
indicate the magnitude of the di↵erence between production and degradation.
As a result, the phase portrait allows us to determine if each fixed point is stable
or unstable. Stable fixed points are characterized by vectors that converge to
those points while for unstable fixed points, the vectors emanate from that
fixed point meaning that any slight perturbation will result in a departure of
the system from that fixed point.

Another parameter in eqn. 10.21 that controls the presence or absence of
bistability is the cooperativity parameter !. As seen in figure 10.22(A), in
the absence of cooperativity (! = 1), there is one point at which the curves
characterizing the degradation and production rates intersect, implying that
there is no change in the number of activators over time. Clearly, in the case
of no cooperativity shown in figure 10.22(A) the single fixed point is stable.
In contrast, bistability emerges in the case of positive cooperativity (! > 1).
Specifically, figure 10.22(B) reveals three fixed points, two of which are stable.
Thus, we see that, under certain parameter regimes, the system is bistable: it
can happily exist in two states, low and high, in a manner akin to a switch.

The fixed points are the terminal values adopted by the activator protein as
a result of the time evolution described in eqn. 10.21. We can also explicitly
consider the dynamics implied by eqn. 10.21 through numerical integration.
Figure 10.23 shows the result of such a numerical integration for various choices
of initial condition in the parameter regime where the auto-activation switch is
bistable. Note that these curves tell us how the number of activators will vary
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Figure 10.22: The role of cooperativity in the dynamics of the auto-activation
switch. (A) Production and degradation rates as a function of the number of
activator proteins in the absence of cooperativity (! = 1). The vectors at the
bottom are a phase portrait showing the total rate of change in the number
of activators as a function of the number of activators. The stable fixed point
in the phase portrait is indicated by a filled circle. Note that because we have
used a log-log plot, the production term gives the false appearance of being sig-
moidal. (B) Production and degradation rates in the presence of cooperativity
(! = 10). The plot reveals the presence of multiple intersections between the
curve characterizing activator production and the line characterizing activator
degradation. The stable fixed points in the phase portrait and vectors are indi-
cated by filled circles while the unstable fixed point is indicated by an open circle.
The parameters used to make the plots are Kd = 1 nM, r0 = 0.01 nM/min,
r1 = 0.05 nM/min, r2 = 1 nM/min, and � = 1/min.
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• Bistability imparts memory: 
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steady state, Xhigh (Figure 5.7). !is is long-term memory 
because X stays high despite the fact that the input signal 
SY has vanished.

!is type of bistable circuit is used in developmental 
transcription networks to make irreversible decisions 
that lock a cell into a particular fate (e.g., to determine 
the type of tissue). For example, when 
embryonic cells "rst become muscle cells, 
the transcription factor myoD activates 
a positive feedback loop and stays locked 
ON, activating the muscle-speci"c genes 
that make the muscle "bers and proteins 
needed for force generation. Positive 
autoregulation makes sure that the cell 
doesn’t forget its muscular identity.

5.1.2  Two-Node Positive Feedback Loops for Decision-Making
Developmental networks also display a network motif 
in which two transcription factors regulate each other. 
!is mutual regulation forms a two-node feedback loop. 
In developmental networks, the regulation signs of the 
two interactions usually lead to positive feedback loops 
(Figure 5.8).

!ere are two types of positive feedback loops: double-
positive in which the two transcription factors activate each other, and double-negative in 
which the two transcription factors repress each other.

The double-positive feedback loop can have two stable steady states (Thomas and 
D’Ari, 1990). In one stable state, genes X and Y are both ON, and the two transcription 
factors enhance each other’s production. In the other stable state, X and Y are both 
OFF. A signal that causes protein X or Y to be produced can lock the system into the 
ON state. This type of bistable switch is called a lock-on mechanism (Davidson et al., 
2002) because X and Y are both ON or both OFF. The double-positive feedback loop is 
most useful when genes regulated by X and genes regulated by Y encode proteins that 
belong to the same tissue.

We saw that positive autoregulation, a motif with one node, can also lock into a state 
of high expression. Why, then, do two-node feedback loops appear if one-node loops are 
su$cient? One reason is that the double-positive feedback loop only locks on a%er an 
appreciable delay, and hence can "lter out transient input signals.

!e double-negative loop can also have two stable steady states. In one stable state, X 
is ON and Y is OFF, because protein X represses Y. !e other stable state is the reverse: X 
is OFF and Y is ON. !us, unlike the double-positive feedback loop that can express both 
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embryonic cells "rst become muscle cells, 
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a positive feedback loop and stays locked 
ON, activating the muscle-speci"c genes 
that make the muscle "bers and proteins 
needed for force generation. Positive 
autoregulation makes sure that the cell 
doesn’t forget its muscular identity.
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Figure 10.7: Mutual repression is ubiquitous in cellular decision making. (A)
The bacteriophage lambda switch that mediates the phage decision to become a
lysogen in the bacterium or engage in lysis. (B) In hematopoietic development,
mutual repression between di↵erent genes have been suggested to ensure the
switch-like adoption of alternate cellular fates. (C) Mutual repression in the
early fruit fly gene network has been associated with the emergence of discrete
domains of gene expression. B, adapted from P. Laslo et al., Semin. Immunol.
20:228–235, 2008 and J. P. Chute et al., it Mol. Endocrinol. 24:1–10, 2010; C,
adapted from S. B. Carroll et al., From DNA to diversity: molecular genetics
and the evolution of animal design, Blackwell Science, 2001 and J. Jaeger, Cell
Mol Life Sci 68:243, 2011.
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X and!Y (or neither), the double-negative loop expresses either X or Y. For this reason, this 
circuit is also called a toggle switch. A toggle switch is useful when genes regulated by X 
belong to di"erent cell fates than the genes regulated by Y.

To understand how two-node circuits like the toggle switch produce two stable states 
(bistability), there is a useful graphical method, called nullcline analysis. #is method is 
like a 2D version of the rate plot method that we used to analyze autoregulation. Nullclines 
are curves at which one of the proteins in the circuit has zero rate of change (one nullcline 
is dX/dt = 0, and the other is dY/dt = 0). #e points to watch are the crossing points of the 
two nullclines, because, at these crossing points, neither protein changes and we have a 
$xed point. Here is an example.

Solved Example 5.1: Show !at a Toggle Switch with Sigmoidal Repression 
Functions Can Have Bistability

Let’s for simplicity assume a symmetric situation where X and Y have the same 
removal rate α and the same inhibition functions:

 
dX
dt f Y X= −( ) α

 
dY
dt f X Y= −( ) α

#e inhibition function f is a decreasing sigmoidal function representing repression 
(e.g., a Hill function with n > 1).
 To draw the nullcline for X, we ask when dX/dt = 0. #is nullcline is the solution 
to f(X) − αY = 0, namely Y f X= ( )/α. #us the nullcline is a curve shaped like the 
repression function. So is the other 
nullcline, X f Y= ( )/α. Drawing these 
two sigmoidal curves on the X-Y plane 
results in three intersection points 
(Figure 5.9).
 We can add to this plot little arrows 
showing in which directions X and 
Y %ow. #e resulting picture is called 
the phase portrait of the circuit. It 
shows that there are two stable $xed 
points: Xhigh, Y low and its opposite 
X low, Yhigh. #e middle $xed point is 
unstable. #e dashed line, called the 
separatrix, separates the two basins 
of attraction, the regions from which 
initial conditions f low to the two 
steady states.
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steady state, Xhigh (Figure 5.7). !is is long-term memory 
because X stays high despite the fact that the input signal 
SY has vanished.

!is type of bistable circuit is used in developmental 
transcription networks to make irreversible decisions 
that lock a cell into a particular fate (e.g., to determine 
the type of tissue). For example, when 
embryonic cells "rst become muscle cells, 
the transcription factor myoD activates 
a positive feedback loop and stays locked 
ON, activating the muscle-speci"c genes 
that make the muscle "bers and proteins 
needed for force generation. Positive 
autoregulation makes sure that the cell 
doesn’t forget its muscular identity.

5.1.2  Two-Node Positive Feedback Loops for Decision-Making
Developmental networks also display a network motif 
in which two transcription factors regulate each other. 
!is mutual regulation forms a two-node feedback loop. 
In developmental networks, the regulation signs of the 
two interactions usually lead to positive feedback loops 
(Figure 5.8).

!ere are two types of positive feedback loops: double-
positive in which the two transcription factors activate each other, and double-negative in 
which the two transcription factors repress each other.

The double-positive feedback loop can have two stable steady states (Thomas and 
D’Ari, 1990). In one stable state, genes X and Y are both ON, and the two transcription 
factors enhance each other’s production. In the other stable state, X and Y are both 
OFF. A signal that causes protein X or Y to be produced can lock the system into the 
ON state. This type of bistable switch is called a lock-on mechanism (Davidson et al., 
2002) because X and Y are both ON or both OFF. The double-positive feedback loop is 
most useful when genes regulated by X and genes regulated by Y encode proteins that 
belong to the same tissue.

We saw that positive autoregulation, a motif with one node, can also lock into a state 
of high expression. Why, then, do two-node feedback loops appear if one-node loops are 
su$cient? One reason is that the double-positive feedback loop only locks on a%er an 
appreciable delay, and hence can "lter out transient input signals.

!e double-negative loop can also have two stable steady states. In one stable state, X 
is ON and Y is OFF, because protein X represses Y. !e other stable state is the reverse: X 
is OFF and Y is ON. !us, unlike the double-positive feedback loop that can express both 
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Where f(X)  is a decreasing  Hill function n>1. 

Null clines are curves in X, Y plane, where the rate of 
change of one protein (eg. X) is zero (dX/dt =0). There are 2 
null clines for X and Y.  
Existence of fixed points at points of intersections of both 
null clines.  

Null clines are Hill functions:                           , 
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With nullcline analysis it is easy to see 
that if both repression functions are not 
sigmoidal (Hill coe!cient n = 1), there can 
only be a single "xed point (Figure 5.10). 
#e non-sigmoidal shapes of the nullclines 
prevent them from intersecting more than 
once. #e system is mono-stable: X and 
Y repress each other but both reach an 
intermediate concentration and stay there.

O$en, the transcription factors in the 
two-node feedback loop also each have 
positive autoregulation (Figure 5.11). 
Positive autoregulation loops act to enhance 
the production of the transcription factor 
once it is present in su!cient levels. #is 
further stabilizes the ON steady states 
of the transcription factors. In fact, such 
PAR can even turn a two-node feedback 
without cooperative regulation into a 
bistable switch (Exercise%5.3).

A classic example of a toggle switch 
appears in phage lambda, a virus that 
infects E. coli (Figure 5.12; Ptashne and Gann, 2002). #e phage is a protein container that 
houses a short DNA genome, which the phage can inject into the bacterium. #e phage then 
chooses one of two possible modes of existence. In the lytic mode, the phage makes about 100 
new phages which burst the cell open and di&use away to "nd new E. coli prey (Figure 5.12). 
In the lysogenic mode, the phage integrates its DNA into the bacterial DNA and sits quiet.
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In both modes, the phage reproduces: in the lytic mode by infecting other cells, and in the 
lysogenic mode by using the bacterial divisions to reproduce. !us, lysogeny is preferred when 
the cell is healthy and can divide, and the lytic mode is preferred when the cells are damaged.

To make the decision between the modes, the phage uses two transcription factors, X and 
Y (called C1 and cro) that form a toggle switch with positive autoregulation. Y is expressed 
in the lytic mode and activates lytic genes including itself. X is the only protein expressed 
in the lysogenic mode. To switch from lysogeny to lysis, X eavesdrops on the cell’s damage 
signals: when DNA is damaged in the cell, a sensor for DNA damage called RecA cleaves 
protein X. As a result, X vanishes, Y is no longer repressed and the phage switches to lytic 
mode and kills the cell.

5.1.3 Regulating Feedback and Regulated Feedback
Two-node feedback loops can appear within larger motifs in developmental networks. 
!ese networks display two main three-node motifs that contain feedback loops (Milo 
et al., 2004). !e #rst is a triangle pattern in which the mutually regulating nodes X and Y 
both regulate gene Z (Figure 5.13), called regulating feedback.

!e regulating-feedback network motif has 10 possible sign combinations (Figure 5.14). 
In the simplest case, X and Y, which activate each other in a double-positive loop, have the 
same regulation sign on the target gene Z (both positive or both negative). In contrast, a 
double-negative feedback loop will o$en have opposing regulation signs for Z (Figure 5.13). 
The two sign combinations shown in 
Figure 5.13 are coherent, in the sense that 
any two paths between two nodes have the 
same overall sign.

In addition to the regulating-feedback 
motif, developmental networks show 
a network motif in which a two-node 
feedback loop is regulated by an upstream 
transcription factor (Figure 5.15). !is motif 
is called regulated feedback. Again, several 
coherent sign combinations are commonly 
found. For example, the input transcription 
factor can be an activating regulator that 
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Common motifs of Regulated Feedbacks
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each other, has two steady states: either both X and Y 
are OFF, or both are ON. The double-negative loop, in 
which two repressors repress each other, has different 
steady states: either X is ON and Y is OFF, or the oppo-
site. In both cases, a transient signal can cause the loop 
to lock irreversibly into a steady state. In this sense, 
this network motif can provide memory of an input 
signal, even after the input signal is gone. Often, X and 
Y also positively regulate themselves, strengthening 
the memory effects. The same motif can also comprise 
miRNAs62 or post-transcriptional interactions such as 
phosphorylations63,64.

Positive-feedback loops can regulate or be regulated 
by other signals2,16,60. In a regulating loop, two regulators 
X and Y form a feedback loop, and also jointly regulate 
downstream Z genes. A double-positive loop between X 
and Y is useful for decisions whereby the cell irreversibly 
assumes a fate in response to a transient developmental 
signal. Genes that are specific to the cell fate can be co-
activated by X and Y. A double-negative loop (FIG. 7b) 
is useful in this motif as a toggle switch between two 
different fates65, such as lysogeny and lysis in λ-phage3. 
The genes that are activated by X are repressed by Y, 
and the opposite.

Figure 7 | Network motifs in developmental transcription networks. a | Network motifs with a double-positive-
feedback loop. When Z is activated, proteins X and Y begin to be produced. They can remain locked ON even when Z 
is deactivated (at times after the dashed line). b | Regulated feedback with a double-negative-feedback loop. Here 
Z acts to switch the steady states. Initially, Y concentration is high and represses X expression. After Z is activated, 
X is produced and Y is repressed. This state can persist even after Z is deactivated. Thus, the feedback implements a 
memory. c | A transcription network that guides the development of the Bacillus subtilis spore8. Z1, Z2 and Z3 
represent groups of tens to hundreds of genes. This network is made of two incoherent type-1 feedforward loops 
(I1-FFLs), which generate pulses of Z1 and Z2, and two coherent type-1 feedforward loops (FFLs), one of which 
generates a delayed Z3 step.
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steady states: either X is ON and Y is OFF, or the oppo-
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signal, even after the input signal is gone. Often, X and 
Y also positively regulate themselves, strengthening 
the memory effects. The same motif can also comprise 
miRNAs62 or post-transcriptional interactions such as 
phosphorylations63,64.
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downstream Z genes. A double-positive loop between X 
and Y is useful for decisions whereby the cell irreversibly 
assumes a fate in response to a transient developmental 
signal. Genes that are specific to the cell fate can be co-
activated by X and Y. A double-negative loop (FIG. 7b) 
is useful in this motif as a toggle switch between two 
different fates65, such as lysogeny and lysis in λ-phage3. 
The genes that are activated by X are repressed by Y, 
and the opposite.

Figure 7 | Network motifs in developmental transcription networks. a | Network motifs with a double-positive-
feedback loop. When Z is activated, proteins X and Y begin to be produced. They can remain locked ON even when Z 
is deactivated (at times after the dashed line). b | Regulated feedback with a double-negative-feedback loop. Here 
Z acts to switch the steady states. Initially, Y concentration is high and represses X expression. After Z is activated, 
X is produced and Y is repressed. This state can persist even after Z is deactivated. Thus, the feedback implements a 
memory. c | A transcription network that guides the development of the Bacillus subtilis spore8. Z1, Z2 and Z3 
represent groups of tens to hundreds of genes. This network is made of two incoherent type-1 feedforward loops 
(I1-FFLs), which generate pulses of Z1 and Z2, and two coherent type-1 feedforward loops (FFLs), one of which 
generates a delayed Z3 step.
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Three-node feedbacks

• Bistable networks with memory 
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5.3 NETWORK MOTIFS IN NEURONAL NETWORKS
To end this chapter, let’s expand our view beyond regulatory networks in the cell. Many 
!elds of science deal with complex networks of interactions. Sociology studies social 
networks, in which X → Y means, for example, that X chooses Y as a friend (Holland and 
Leinhardt, 1977; Wasserman and Faust, 1994). Neurobiology studies neuronal networks in 
which neuron X has synapses to neuron Y. Ecology studies food webs, in which species X 
eats species Y. Network motifs can be sought in networks from these !elds by comparing 
them to randomized networks (Milo et al., 2002; Milo et al., 2004). #is is an example of 
a concept developed in systems biology that has impacted many other !elds of research. 
One !nds that:

 1. Most real-world networks are built of a small set of network motifs.

 2. Networks from a given !eld share the same network motifs.

 3. Di$erent !elds show di$erent network motifs.

Examples can be seen in Figure 5.21. Food webs show cascades, whereas electronic circuits 
show feedback loops of transistors. In social networks, X might choose Y as a friend, but a 
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• Different implementation of 
similar fundamental logic 
designs



Conclusions

Thomas LECUIT   2025-2026

• Deciphering the logic of biochemical and gene networks is possible 

• The existence of network motifs reflects evolutionary constraints on the 
search for algorithms that fulfil a computational task. 

• Examples of computational modules: 
• Response accelerator: NAR 
• Persistence detector: C-FFL 
• Noise filtering: PAR 
• Pulse generator and Temporal waves: I-FFL and interlocked FFLs 
• Robustness: NAR 
• Some algorithms combine tasks: ie. PAR increases sensitivity but not noise.  
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