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What’s Systems Biology?



Systems Biology

• An emerging interdisciplinary field in 
biological sciences

• Closely related to / overlapped with: 
Genomics & Bioinformatics

• Integrative Genomics / In silico Genomics



• Definition: Quantitative study of 
biological processes as whole systems 
instead of isolate parts.

• Goal: Construction and experimental 
validation of models that explain and 
predict the behavior of biological systems

2nd International Conference on Systems Biology (2001)

Systems Biology



Systems Biology

A science that studies 
biological systems

Lots of data  + Math  Prediction



Systems Biology

• Combined study of biological systems 
through

• investigating components of cellular 
networks and their interactions

• applying experimental high-throughput and 
whole-genome techniques

• integrating computational methods with 
experimental efforts

Klipp et al., Systems Biology: a Textbook (2009)



• eg. Systems Biology PhD Program at Harvard:  
“We aim to recruit students from a variety of 
different backgrounds, who will work together to 
forge a new approach to biology that combines 
theoretical and experimental approaches.”

Systems Biology
an interdisciplinary science



History

• Ludwig von Bertalanffy (1934)

• applied general systems theory to biology

• “wholeness” – behavior difference in 
isolated vs combined



Advocators

• Leroy Hood

• Institute for Systems Biology 
(ISB, Seattle, USA, 2000)

• Hiroaki Kitano (北野 宏明)

• The Systems Biology Institute
(SBI, Tokyo, Japan, 2000)



Timeline

• ISB & SBI, 2000

• MIT CSBi, 2003

• Harvard MS Dept of Systems Biology, 2003

• China, Canada, Europe, Korea

• NIGMS Centers for Systems Biology, 2006

• DOE Systems Biology for Energy & Environment, 
2007 (> $400M)

• EU, FP7, Systems Biology, 2007 (> €500M)



History

Westerhoff & Palsson, Nature Biotechnol (2004)
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Basics	  of	  Systems	  Biology



Genomics

Proteomics

Transcriptomics

Metabolomics

Systems Biology & Omics Data

Drug discovery 
Understanding diseases

Biological processes

Bioinformatics

Systems Biology

+ Systems Analysis /
Mathematical Modeling



H. Kitano, Science, 2002

Concepts
of Systems Biology



LEGO



Experim
ent

Modeling Analysis

Verify hypothesis / 
Design new exp.

Make observation / 
High-throughput data

Data mining / 
Generate model

Theory

Traditional

Application

Bioinformatics

Systems Biology

Bioengin
eering

Knowledge

A New Way of Doing Biology

... the most sexy of Systems BiologySynthetic Biology



Key Points

• quantitative

• mathematical modeling

• genome-wide (high-throughput)

• integrative

• theory + experiment

• network



Why do we need
Systems Biology?



Human Genome 
Project

Completed at 2003





The map of the genome is just 
the rule book;  “systems biology” 

is the ball game.
by Alexandra Stikeman, Technology Review, 2002 March



High-throughput Technology 
• Genomics

- sequencing

- SNP

- annotation

• Transcriptomics

- Microarrays

- Gene expression data

• Proteomics

- Y2H method

- Mass spectrometry

- Protein chips

• Metabolomics

- NMR

- Mass spectrometry



Science: 125 Questions
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B
iology is rich in descriptive data—

and getting richer all the time.

Large-scale methods of probing

samples, such as DNA sequencing,

microarrays, and automated gene-function

studies, are f illing new databases to the

brim. Many subfields from biomechanics to

ecology have gone digital, and as a result,

observations are more precise and more

plentiful. A central question now con-

fronting virtually all f ields of biology is

whether scientists can deduce from this tor-

rent of molecular data how systems and

whole organisms work. All this information

needs to be sifted,

organized, compiled,

and—most impor-

tantly—connected in

a way that enables

researchers to make

predictions based on

general principles.  

Enter  sys tems

biology.  Loosely

def ined and s t i l l

struggling to f ind

its  way, this newly

emerging approach

a i m s  t o  c o n n e c t

the  dots that have

emerged from dec-

ades of molecular,

cellular, organismal, and even environmental

observations. Its proponents seek to make

biology more quantitative by relying on

mathematics, engineering, and computer

science to build a more rigid framework for

linking disparate findings. They argue that it

is the only way the field can move forward.

And they suggest that biomedicine, particu-

larly deciphering risk factors for disease,

will benefit greatly. 

The field got a big boost from the comple-

tion of the human genome sequence. The

product of a massive, trip-to-the-moon logis-

tical effort, the sequence is now a hard and

fast fact. The biochemistry of human inheri-

tance has been defined and measured. And

that has inspired researchers to try to make

other aspects of life equally knowable. 

Molecular geneticists dream of having a

similarly comprehensive view of networks

that control genes: For example, they would

like to identify rules explaining how a single

DNA sequence can express different proteins,

or varying amounts of protein, in different cir-

cumstances (see p. 80). Cell biologists would

like to reduce the complex communication

patterns traced by molecules that regulate the

health of the cell to a set of signaling rules.

Developmental biologists would like a com-

prehensive picture of how the embryo man-

ages to direct a handful of cells into a myriad

of specialized functions in bone, blood, and

skin tissue. These hard puzzles can only be

solved by systems biology, proponents say.

The same can be said for neuro-

scientists trying to work out the

emergent properties—higher thought, for

example—hidden in complex brain circuits.

To understand ecosystem changes, including

global warming, ecologists need ways to

incorporate physical as well as biological data

into their thinking. 

Today, systems biologists have only

begun to tackle relatively simple networks.

They have worked out the metabolic path-

way in yeast for breaking down galactose,

a carbohydrate. Others have tracked the

first few hours of the embryonic develop-

ment of sea urchins and other

organisms with the goal of see-

ing how various transcription

factors alter gene expression

over time. Researchers are also

developing rudimentary models

of signaling networks in cells

and simple brain circuits.

Progress is limited by the dif-

ficulty of translating biological

patterns into computer models.

Network computer programs

themselves are relatively simple,

and the methods of portraying the

results in ways that researchers

can understand and interpret need

improving. New institutions

around the world are gathering

interdisciplinary teams of biologists, mathe-

maticians, and computer specialists to help

promote systems biology approaches. But it

is still in its early days.  

No one yet knows whether intensive

interdisciplinary work and improved com-

putational power will enable researchers

to create a comprehensive, highly struc-

tured picture of how life works.

–ELIZABETH PENNISI

How Will Big Pictures Emerge 

From a Sea of Biological Data

Systems approach. Circuit diagrams help clarify nerve cell functions.

What causes schiz-

ophrenia? 

Researchers are try-

ing to track down

genes involved in this

disorder. Clues may

also come from

research on traits

schizophrenics share

with normal people. 

What causes

autism? 

Many genes probably

contribute to this baf-

fling disorder, as well

as unknown environ-

mental factors. A bio-

marker for early diag-

nosis would help

improve existing ther-

apy, but a cure is a

distant hope.

To what extent can we stave

off Alzheimer’s? 

A 5- to 10-year delay in this

late-onset disease would

improve old age for millions.

Researchers are determining

whether treatments with 

hormones or antioxidants, or

mental and physical exercise,

will help.

What is the biological

basis of addiction?

Addiction involves the dis-

ruption of the brain’s reward

circuitry. But personality

traits such as impulsivity

and sensation-seeking also

play a part in this complex

behavior.

ROYALTY-FREE/CORBIS

Published by AAAS

1 July 2005
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Systems	  Biology

genomics bioinforma3cs
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Applica3ons

• Personalized	  Medicine	  /	  drug	  discovery
–P4	  Medicine	  (ISB:	  Lee	  Hood)

• Bioenergy
–DOE	  GTL:	  systems	  biology	  for	  energy	  &	  environment	  
(focus:	  biofuels)

Expected major impacts



WHAT	  IS	  A	  SYSTEM?





•A system is more than the sum of its parts

•A biological system is a living network





KEGG



BIND



Systems	  Study	  of	  Model	  Organism
Measurements	  of

biological	  system	  components	  

!"#$%&'#()*%+)#

,)*%+)##
-)./)*$)#

,)*%+)#
0**%102%*#

345#$&%*)#
&'67078#

-'*,&)#,)*)#
9*%$9%/1##

:7%1)'*;
:7%1)'*#

'*1)70$2%*#
:7%1)'*#

&%$0&'<02%*# +)106%&%+)# :=8-'%+)#



Construction of resources
Basic idea

1. Of course to do science!
2. To confirm past knowledge by uniformly prepared resources
3. Prediction of function unknown genes using results of function known 

gene as a standard
4. Approaches for global aspect point of view

Specific purposes

General  purposes

1. Elucidation of network 
1. Protein interaction
2. Transcriptional network
3. Metabolic network

2. Functional analysis of genes
3. Production of antibodies

1. ChIP technology
2. Western analysis

1. Open resources to activate E. coli science in the post-genomic 
or systems biology field. 37



Gene disruption Gene Function

DNA microarray
Protein array etc.

Gene network
Protein-protein interaction

Bioinformatics Database, Analysis, Prediction
Interpretation & mining

Clones Molecular mechanism

Complete understandings of a cell

Escherichia coli
Genome sequence Fundamental knowledge

38



SYSTEMS	  ANALYSIS
Biological	  Network	  Analysis

39



Network plays important roles

From DNA to Life

U.S. Department of Energy



protein-gene 
interactions

protein-protein 
interactions

PROTEOME

GENOME

Citrate Cycle

METABOLOME

bio-chemical 
reactions

External 
Signals signal transduction



Biological Networks

Signal Transduction Networks
Protein Interaction Networks
Alternative Splicing Graph

Metabolic Networks

Sub-cellular Networks

Cellular and supra-cellular Networks

Neural Networks
Immunological Networks

Cellular
Disease Networks

Genealogical Networks

Above the Cell





Protein-Protein Interaction Network

Yeast



seen in materials science. In a crystal lat-
tice, for instance, atoms have the same
number of links to their neighbors. With
other networks, the data are inconclusive.
The relatively small size of food webs,
which show predator-prey relationships,
has prevented scientists from reaching a
clear conclusion regarding that network’s
type. And the absence of large-scale con-
nectivity maps of the brain has kept re-
searchers from knowing the nature of
that important network as well.

Determining whether a network is
scale-free is important in understanding
the system’s behavior, but other signifi-
cant parameters merit attention, too.
One such characteristic is the diameter,
or path length, of a network: the largest
number of hops required to get from one
node to another by following the shortest
route possible [see box on opposite page].

Finally, knowledge of a network’s gen-
eral topology is just part of the story in un-
derstanding the overall characteristics and

behavior of such systems. There might be
steep costs, for instance, with the addition
of each link to a given node that could
prevent certain networks (such as the U.S.
highway system) from becoming scale-
free. In food chains, some prey are easier
to catch than others, and that fact has a
profound effect on the overall ecosystem.
With social networks, ties among house-
hold members are much stronger than
connections to casual acquaintances, so
diseases (and information) are more like-
ly to spread through such linkages. For
transportation, transmission and commu-
nications systems (such as the Internet),

congestion along specific links is a major
consideration: too much traffic on a par-
ticular link can cause it to break down,
leading to the potential failure of other
links that must then handle the spillover.
And the nodes themselves might not be
homogeneous—certain Web pages have
more interesting content, for instance—
which could greatly alter the preferential-
attachment mechanism. 

Because of these and other factors, sci-
entists have only begun to uncover the be-
havior of scale-free systems. Immunizing
hubs, for instance, might not be sufficient
to stop the spread of a disease; a more ef-
fective solution might be found by con-
sidering not just the number of connec-
tions a person has but also the frequency
and duration of contact for those links. 

In essence, we have studied complex
networks first by ignoring the details of
their individual links and nodes. By dis-
tancing ourselves from those particulars,
we have been able to better glimpse some
of the organizing principles behind these
seemingly incomprehensible systems. At
the very least, knowledge from this en-
deavor has led to the rethinking of many
basic assumptions. In the past, for exam-
ple, researchers modeled the Internet as a
random network to test how a new rout-
ing protocol might affect system conges-
tion. But we now know that the Internet is
a scale-free system with behavior that is
dramatically different from a random net-
work’s. Consequently, investigators such
as John W. Byers and his colleagues at
Boston University are revamping the com-
puter models they have been using to sim-
ulate the Internet. Similarly, knowledge of
the properties of scale-free networks will
be valuable in a number of other fields, es-
pecially as we move beyond network to-
pologies to probe the intricate and often
subtle dynamics taking place within those
complex systems. 
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All the World’s a Net. David Cohen in New Scientist, Vol. 174, No. 2338, pages 24–29; April 13, 2002.

Statistical Mechanics of Complex Networks. Réka Albert and Albert-László Barabási in Reviews 
of Modern Physics, Vol. 74, pages 47–97; January 2002.

Linked: The New Science of Networks. Albert-László Barabási. Perseus Publishing, 2002.

Evolution of Networks: From Biological Nets to the Internet and WWW. J.F.F. Mendes and Sergei N.
Dorogovtsev. Oxford University Press, 2003. 

Find links to papers on scale-free networks at www.nd.edu/!networks

M O R E  T O  E X P L O R E

MAP OF INTERACTING PROTEINS in yeast highlights the discovery that highly linked, or hub, proteins
tend to be crucial for a cell’s survival. Red denotes essential proteins (their removal will cause the cell
to die). Orange represents proteins of some importance (their removal will slow cell growth). Green
and yellow represent proteins of lesser or unknown significance, respectively.

COPYRIGHT 2003 SCIENTIFIC AMERICAN, INC.

Static Network Map Dynamic Math Model



Heart of Systems Biology

Proteomics

Metabolomics

Transcriptomics
(Microarray)

Reverse Engineering
Gene Network

Protein-Protein 
Interaction Network

Biological 
Pathway Modeling

Network Modeling & Simulation
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Outline

• Introduction

• Biological Network

• Mathematical Modeling

• Gene Network Reconstruction

• Network Biology

• Protein Interaction Network Analysis



BASICS	  OF	  MODELING

49



Mathematical Modeling: 
Components

•  Create “parts list”

•  Can study individual components (large/small, high/low flux, etc.)

•  Can not say anything about integrated function



Mathematical Modeling: 
Maps

•  Create “map”

•  Can study some network properties (connectivity, neighbors, etc.)

•  Can not simulate network behavior (travel time, growth rates, etc.)



Mathematical Modeling: 
Simulation

•  Create mathematical model

•  Can simulate network behavior quantitatively 

•  Some parameters are approximated (compare to travel time)



Empirical	  Approach

• Measure	  produc3vity	  for	  all	  combina3ons	  of	  
reactor	  opera3ng	  condi3ons,	  and	  make	  
correla3ons

• Advantage:	  LiVle	  thought	  is	  necessary
• Disadvantage:	  Many	  experiments	  are	  required





• An	  illustra3on	  of	  the	  danger	  of	  extrapola3on	  beyond	  the	  range	  
of	  variables	  for	  which	  a	  model	  was	  intended	  to	  operate



GENE	  EXPRESSION	  MODELS

56





Modeling	  Gene	  Expression

58

Example:



59

One	  Example,	  Different	  Approaches



Bayesian	  Network

60

•Probability	  descrip3on	  of	  regulatory	  network
–A	  directed	  acyclic	  graph
–A	  set	  of	  probability	  distribu3ons

xi: gene expression level

L(xi): parents of gene i



Bayesian	  Network

61



62

Boolean	  Network

•Qualita3ve	  descrip3on	  of	  gene	  regulatory	  
interac3ons
–2	  states	  of	  Gene	  expression:	  on	  (1)	  ;	  off	  (0)
–With	  each	  gene	  i,	  we	  associate	  a	  Boolean	  rule,	  bi



63

Boolean	  Network
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One	  Example,	  Different	  Approaches

•Ordinary	  Differen3al	  Equa3ons
–Same	  way	  as	  modeling	  of	  pathways



65

One	  Example,	  
Different	  Approaches

• Ordinary	  Differen3al	  Equa3ons



66

One	  Example,	  Different	  Approaches

•Ordinary	  Differen3al	  Equa3ons
–Same	  way	  as	  modeling	  of	  pathways
–Advantage:	  take	  into	  account	  detailed	  knowledge	  
about	  gene	  regulatory	  mechanisms

–Disadvantage:	  lack	  of	  exactly	  this	  type	  of	  knowledge	  
(kine3c	  constants…)



67

Ordinary	  Differen3al	  Equa3ons

• Dynamics	  of	  mRNA	  concentra3on

Parameters:	  va = 1,	  ka = 1,	  vb = 
1,	  Kb = 5,	  kIc = 0.4,	  Kb = 0.1,	  Vc = 
1,	  Kc = 5,	  Kc = 0.1,	  Vd = 1,	  kd = 1,	  
nab = 4,	  nc = 4,	  nd = 4.
	  Ini7al	  condi7ons:	  a(0) = b(0) = 
c(0) = d(0) = 0.



Principles of Biological 
Systems



•Robustness is a distinct feature of complexity 
in biology

•Modularity plays an important part in 
robustness

•Redundancy in the system can provide 
robustness

•Living systems can switch from one state to 
another by means of bistable switches









•Redundancy in the system can provide 
robustness

•Living systems can switch from one state to 
another by means of bistable switches





Network Modularity
Network Motifs





Network Motif

¨Some subgraphs occur in some networks in higher 
frequencies than expected and are called motifs.
¤Shen-Orr et al: Network motifs in the transcriptional 

regulation network of E. coli, Nat. Gent. 31, 64-68, 2002.
¤Milo et al: Superfamilies of evolved and designed 

networks, Science 303:1538, 2004 Uri Alon

Single-input Feed-forward loopScatter



Local structural properties
q  Motifs

 Overrepresented subgraphs when compared to a randomized
  version of the same network. [Milo et al., Science (2002)]

q  Modules

 Ambiguous definition
 Topological clustering + functional data (e.g. gene expression levels)

 

[Babu et al., Current Opinion in Structural Biology (2004)]
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same as the overall sign of the indirect regulation
path (from X through Y to Z).2 The other four struc-
tures are termed “incoherent”: the signs of the
direct and indirect regulation paths are opposite.
The FFL with three positive interactions, termed
type-1 coherent FFL, is by far the most common
configuration in E. coli.7 To understand the
regulation of Z, one needs also to specify the cis-
regulatory logic8–10 that combines the two inputs
X and Y, such as AND-gate logic, in which both X
and Y are needed, and OR-gate logic in which
either X or Y is sufficient to activate Z.

In a previous study,2 based on numerical simu-
lations, we suggested that the coherent FFL with
AND logic is a processing element that functions
as a persistence detector. Only a persistent
stimulus of Sx can activate both X and Y, and lead
to expression of Z. On the other hand, even a
temporary removal of the Sx stimulus leads to a
rapid turn-off of Z expression. An equivalent and
more intuitive description is that the FFL is a sign-
sensitive delay element7: it responds rapidly to
step-like stimuli of Sx in one direction (ON to
OFF), and at a delay to steps in the opposite direc-
tion (OFF to ON). By sign-sensitive delay, we
mean that the response time to step-like stimuli is
not symmetric and depends on the sign of the step.

Here, we present experimental results that sup-
port this premise. We select a representative gene
system with an FFL connectivity, we show that
this system is a coherent AND-gate FFL (in the
sense that Y is regulated significantly by X, and
that both X and Y are needed for Z expression).
Then, we show that the system displays sign-
sensitive delay kinetics. We discuss the biological
function of sign-sensitive delay as a filter that can
protect the target gene from fluctuations in the
input stimuli.

Results

The experimental system

To experimentally study the FFL, we selected
one of the best-characterized systems in E. coli,
the L-arabinose (ara) utilization system
(Figure 1(b)).11–15 The ara system includes the
catabolism operon araBAD, and transporters such
as araFGH. Both araBAD and araFGH are regulated
transcriptionally by two transcription factors,
AraC and CRP. AraC acts as a transcriptional
activator when it binds the sugar L-arabinose, and
as a repressor in its absence. CRP acts as an activa-
tor when it binds the inducer cyclic AMP (cAMP).
cAMP is a molecule that is produced within the
cell upon glucose starvation (e.g. during growth
on glycerol as sole carbon source), and whose pro-
duction is suppressed during growth on glucose.
In addition, CRP binds the araC promoter and
enhances the transcription of AraC.14,15 Therefore,
in the presence of L-arabinose, the ara system has
the connectivity of a type-1 coherent FFL, in
which the inducer Sx is cAMP (Figure 1(b)).

As a control, we required a non-FFL system with
the same input Sx. We chose the lactose (lac)
utilization system, which has a simple AND-gate
structure (Figure 1(c)). In the lac system,16,17

CRP and LacI jointly regulate the lacZYA operon,
but with no transcription regulation of LacI by
CRP.

We generated low-copy reporter plasmids in
which the araC, araBAD, araFGH and lacZYA
promoters control the green fluorescent protein
(gfp) gene.10,18,19 The gfp variant used becomes flu-
orescent within a few minutes of transcription,18

allowing rapid responses to be measured.
Promoter activity was measured by means of an
automated multiwell fluorimeter from cultures of
strains bearing the reporter plasmids.18,19 Both
green fluorescent protein (GFP) fluorescence and
optical absorbance (A600 nm) were measured at a
very high temporal resolution (about once per min-
ute). These measurements were used to determine
the dynamics of GFP concentration produced by
the promoters. We applied steps of glucose and
exogenous cAMP, to determine the temporal
response of the ara FFL and the reference lac
system to cAMP steps.

Figure 1. (a) The coherent type-1 feedforward loop and
the inducers Sx and Sy; (b) the ara system; (c) the lac
system; (d) the low-copy reporter plasmid used in the
measurements.
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In a previous study,2 based on numerical simu-
lations, we suggested that the coherent FFL with
AND logic is a processing element that functions
as a persistence detector. Only a persistent
stimulus of Sx can activate both X and Y, and lead
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mean that the response time to step-like stimuli is
not symmetric and depends on the sign of the step.
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input stimuli.
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catabolism operon araBAD, and transporters such
as araFGH. Both araBAD and araFGH are regulated
transcriptionally by two transcription factors,
AraC and CRP. AraC acts as a transcriptional
activator when it binds the sugar L-arabinose, and
as a repressor in its absence. CRP acts as an activa-
tor when it binds the inducer cyclic AMP (cAMP).
cAMP is a molecule that is produced within the
cell upon glucose starvation (e.g. during growth
on glycerol as sole carbon source), and whose pro-
duction is suppressed during growth on glucose.
In addition, CRP binds the araC promoter and
enhances the transcription of AraC.14,15 Therefore,
in the presence of L-arabinose, the ara system has
the connectivity of a type-1 coherent FFL, in
which the inducer Sx is cAMP (Figure 1(b)).

As a control, we required a non-FFL system with
the same input Sx. We chose the lactose (lac)
utilization system, which has a simple AND-gate
structure (Figure 1(c)). In the lac system,16,17

CRP and LacI jointly regulate the lacZYA operon,
but with no transcription regulation of LacI by
CRP.

We generated low-copy reporter plasmids in
which the araC, araBAD, araFGH and lacZYA
promoters control the green fluorescent protein
(gfp) gene.10,18,19 The gfp variant used becomes flu-
orescent within a few minutes of transcription,18

allowing rapid responses to be measured.
Promoter activity was measured by means of an
automated multiwell fluorimeter from cultures of
strains bearing the reporter plasmids.18,19 Both
green fluorescent protein (GFP) fluorescence and
optical absorbance (A600 nm) were measured at a
very high temporal resolution (about once per min-
ute). These measurements were used to determine
the dynamics of GFP concentration produced by
the promoters. We applied steps of glucose and
exogenous cAMP, to determine the temporal
response of the ara FFL and the reference lac
system to cAMP steps.

Figure 1. (a) The coherent type-1 feedforward loop and
the inducers Sx and Sy; (b) the ara system; (c) the lac
system; (d) the low-copy reporter plasmid used in the
measurements.
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same as the overall sign of the indirect regulation
path (from X through Y to Z).2 The other four struc-
tures are termed “incoherent”: the signs of the
direct and indirect regulation paths are opposite.
The FFL with three positive interactions, termed
type-1 coherent FFL, is by far the most common
configuration in E. coli.7 To understand the
regulation of Z, one needs also to specify the cis-
regulatory logic8–10 that combines the two inputs
X and Y, such as AND-gate logic, in which both X
and Y are needed, and OR-gate logic in which
either X or Y is sufficient to activate Z.

In a previous study,2 based on numerical simu-
lations, we suggested that the coherent FFL with
AND logic is a processing element that functions
as a persistence detector. Only a persistent
stimulus of Sx can activate both X and Y, and lead
to expression of Z. On the other hand, even a
temporary removal of the Sx stimulus leads to a
rapid turn-off of Z expression. An equivalent and
more intuitive description is that the FFL is a sign-
sensitive delay element7: it responds rapidly to
step-like stimuli of Sx in one direction (ON to
OFF), and at a delay to steps in the opposite direc-
tion (OFF to ON). By sign-sensitive delay, we
mean that the response time to step-like stimuli is
not symmetric and depends on the sign of the step.

Here, we present experimental results that sup-
port this premise. We select a representative gene
system with an FFL connectivity, we show that
this system is a coherent AND-gate FFL (in the
sense that Y is regulated significantly by X, and
that both X and Y are needed for Z expression).
Then, we show that the system displays sign-
sensitive delay kinetics. We discuss the biological
function of sign-sensitive delay as a filter that can
protect the target gene from fluctuations in the
input stimuli.

Results

The experimental system

To experimentally study the FFL, we selected
one of the best-characterized systems in E. coli,
the L-arabinose (ara) utilization system
(Figure 1(b)).11–15 The ara system includes the
catabolism operon araBAD, and transporters such
as araFGH. Both araBAD and araFGH are regulated
transcriptionally by two transcription factors,
AraC and CRP. AraC acts as a transcriptional
activator when it binds the sugar L-arabinose, and
as a repressor in its absence. CRP acts as an activa-
tor when it binds the inducer cyclic AMP (cAMP).
cAMP is a molecule that is produced within the
cell upon glucose starvation (e.g. during growth
on glycerol as sole carbon source), and whose pro-
duction is suppressed during growth on glucose.
In addition, CRP binds the araC promoter and
enhances the transcription of AraC.14,15 Therefore,
in the presence of L-arabinose, the ara system has
the connectivity of a type-1 coherent FFL, in
which the inducer Sx is cAMP (Figure 1(b)).

As a control, we required a non-FFL system with
the same input Sx. We chose the lactose (lac)
utilization system, which has a simple AND-gate
structure (Figure 1(c)). In the lac system,16,17

CRP and LacI jointly regulate the lacZYA operon,
but with no transcription regulation of LacI by
CRP.

We generated low-copy reporter plasmids in
which the araC, araBAD, araFGH and lacZYA
promoters control the green fluorescent protein
(gfp) gene.10,18,19 The gfp variant used becomes flu-
orescent within a few minutes of transcription,18

allowing rapid responses to be measured.
Promoter activity was measured by means of an
automated multiwell fluorimeter from cultures of
strains bearing the reporter plasmids.18,19 Both
green fluorescent protein (GFP) fluorescence and
optical absorbance (A600 nm) were measured at a
very high temporal resolution (about once per min-
ute). These measurements were used to determine
the dynamics of GFP concentration produced by
the promoters. We applied steps of glucose and
exogenous cAMP, to determine the temporal
response of the ara FFL and the reference lac
system to cAMP steps.

Figure 1. (a) The coherent type-1 feedforward loop and
the inducers Sx and Sy; (b) the ara system; (c) the lac
system; (d) the low-copy reporter plasmid used in the
measurements.
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The ara system is a type-1 coherent FFL with
AND logic

The ara system has FFL connectivity according
to transcription databases.2,20 In order to function
as a type-1 coherent FFL, araC expression needs to
be activated significantly by CRP in the presence
of cAMP. We measured araC promoter activity
with and without cAMP, during growth in minimal
medium supplemented with saturating concen-
tration of L-arabinose (Table 1(A) and (B)). Levels
of cAMP were controlled in two ways: (a) cells
growing on glucose (low endogenous cAMP) were
compared to cells growing on glycerol (high
endogenous cAMP production); (b) cells growing
on glucose were compared to cells growing on
glucose with saturating exogenous cAMP. In all
cases, the cells were compared at the same A value.
Both assays showed similar results (Table 1).
The araC promoter exhibited a measurable basal
level of expression in the presence of L-arabinose
and in the absence of cAMP. The promoter activity
increased at least four- to five-fold above this
basal level in the presence of cAMP (Table 1(C)).

In addition, we measured the promoter activity
of the lacZYA, araBAD and araFGH promoters
under all combinations of zero or saturating
inducers cAMP and arabinose/IPTG (Table 1(A)
and (B)). We find that the expression in the presence
of both inducers is at least an order of magnitude
greater then the expression measured when either
or both inducers are missing (Table 1(A) and (B)).
This confirms previous studies14,15 that suggest that
these promoters behave as an AND-gate with

respect to their inputs Sx ! cAMP and Sy ! L-arabi-
nose (or Sy ! IPTG in the case of lac10). These results
demonstrate that the ara system is a type-1-AND-
gate FFL, although not a perfect one, since araC has
a significant basal level of expression.

The ara system acts as a sign-sensitive delay
with respect to cAMP steps

We studied the temporal responses of the ara
system to cAMP steps. We generated an ON step
of cAMP by adding saturating cAMP to cells grow-
ing exponentially on glucose minimal medium. A
cAMP OFF step was generated by adding saturat-
ing glucose to cells growing exponentially in
glycerol minimal medium. In order to affect the
Y transcription factor in the ara and lac
systems appropriately, saturating concentrations
of L-arabinose and IPTG were included in the
medium. We calculated the promoter activity (rate
of GFP production per cell) from the GFP and
absorbance measurements,19 and measured the
time it took the promoter activity to reach 50% of
its maximal level. This corresponds to the onset
time of transcription following the step stimulus.
We find that the ON response of both araBAD

and araFGH was significantly slower than the ON
response of lacZYA. The OFF response of araBAD
and araFGH was more rapid, and identical with
that of lacZYA. In contrast, the araC promoters
responded just as rapidly as lacZYA to both ON
and OFF steps. Representative ON and OFF
kinetics are shown in Figures 2 and 3. Repeated
measurements showed a significant and repro-
ducible delayed response to cAMP ON steps for
araBAD relative to lacZYA of about 13 minutes at
30 8C, and six minutes at 37 8C (Table 2). This
delay corresponds to about 0.2 cell-division times

Table 1. GFP/A of reporter strains during exponential
growth (A ! 0.03), under all combinations of zero or
saturating inducers arabinose/IPTG and cAMP

cAMP 2 "Int "Ext 2 " Int "Ext
Arabinose /IPTG 2 2 2 " " "

A. GFP/A at 30 8C ( £ 103, GFP/A units)
araC 5 12 20 8 34 42
araBAD ,1 ,1 ,1 ,1 110 60
araFGH ,1 ,1 ,1 ,1 160 120
lacZYA ,1 25 48 42 250 360

B. GFP/A at 37 8C ( £ 103, GFP/A units)
araC 10 18 90 20 90 190
araBAD ,1 ,1 ,1 ,1 200 580
araFGH ,1 ,1 ,1 ,1 150 460
lacZYA ,1 40 60 55 170 460

C. araC fold induction by cAMP In the presence of arabinose
30 8C 37 8C

cAMP Int Ext Int Ext
4.2 5.2 4.5 9.5

cAMP Ext is 20 mM cAMP added to cells growing on glucose
minimal medium. cAMP Int is growth on glycerol as carbon
source, resulting in endogenous production of cAMP. A, Growth
at 30 8C; B, growth at 37 8C; C, fold induction of the araC
promoter by cAMP, in the presence of L-arabinose. The standard
error in all GFP/A measurements, based on two to six repeated
experiments was, at most, the greater of ^10% or 2 £ 103. Values
smaller than 1 £ 103 are marked as ,1.

Figure 2. GFP/A, normalized by its maximal level, of
araBAD and lacZYA reporters growing on glucose mini-
mal medium, following a cAMP ON step (10 mM cAMP
was added at time t ! 0). Error bars represent standard
error of triplicate wells. The kinetics of araFGH (not
shown) is similar to the araBAD kinetics.
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at both temperatures. Similarly, araFGH showed a
delay of about 20 minutes at 30 8C, and 13 minutes
at 37 8C relative to lacZYA. This delay corresponds
to about 0.3 and 0.4 cell-division times at 30 8C
and 37 8C. In contrast, the response to OFF steps
was indistinguishable for all promoters, consisting
of simple exponential decay with equal timing.
The asymmetric behavior of araBAD and araFGH,
with delayed responses to cAMP ON steps but
not to OFF steps (relative to the lacZYA control), is
the hallmark of sign-sensitive delay.

Simulations on the effect of araC basal level

We performed simulations to check the effect of
the basal level of araC on the sign-sensitive delay

Figure 3. GFP/A, normalized by its maximal level, of
araBAD and lacZYA reporters growing on glycerol mini-
mal medium, following a cAMP OFF step (0.4% glucose
was added at time t ! 0). Error bars represent standard
error of triplicate wells. The kinetics of araFGH (not
shown) is similar to the araBAD kinetics.

Table 2. Delay of onset of expression changes of the araC,
araBAD and araFGH promoters, relative to the lacZYA
promoter following cAMP steps

araC araBAD araFGH

A. ON step delay at 30 8C (minutes)
T–Tz 21.0 12.6 19.6
SE 2 2 2

B. OFF step delay at 30 8C (minutes)
T–Tz 21.5 2.6 3.4
SE 6 2 2

C. ON step delay at 37 8C (minutes)
T–Tz 21.5 6.3 13.5
SE 3 1 2

D. OFF step delay at 37 8C (minutes)
T-Tz 22.5 20.7 0.0
SE 3 2 3

T–Tz, time after lacZYA. SE, standard error of two to six
repeats. A, Response to ON step at 30 8C; B, response to OFF
step at 30 8C; C, response to ON step at 37 8C; D, response to
OFF step at 37 8C.

Figure 4. Simulation of type-1 coherent AND FFL. (a)
Response to ON step of Sx, showing concentration of Z
as a function of time. Inducer Sy is present throughout.
Also shown are kinetics of a simple AND-gate system
(no regulation of Y by X). (b) Response to OFF step of
Sx. (c) Delay in onset of Z promoter activity as a function
of Y basal level. Model parameters used are:

a1 ! a2 ! 1; b1 ! b2 ! 1; H ! 2;

Kxy ! Kxz ! Kyz ! 0:5 By ! 0

in (a) and (b), By is varied in (c).
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from X and a delayed one through Y. If the activation of X is tran-
sient, Y cannot reach the level needed to significantly activate Z,
and the input signal is not transduced through the circuit. Only
when X signals for a long enough time so that Y levels can build
up will Z be activated (Fig. 2a). Once X is deactivated, Z shuts
down rapidly. This kind of behavior can be useful for making
decisions based on fluctuating external signals.

The SIM motif is found in systems of genes that function sto-
chiometrically to form a protein assembly (such as flagella) or a
metabolic pathway (such as amino-acid biosynthesis). In these
cases, it is useful that the activities of the operons are determined
by a single transcription factor, so that their proportions at
steady state can be fixed. In addition, mathematical analysis sug-
gests that SIMs can show a detailed temporal program of expres-
sion resulting from differences in the activation thresholds of the
different genes (Fig. 2b). Built into this design is a pattern in
which the first gene activated is the last one to be deactivated.
Such temporal ordering can be useful in processes that require
several stages to complete. This type of mechanism may explain
the experimentally observed temporal program in the expression
of flagella biosynthesis genes18.

The motifs allow a representation of the E. coli transcriptional
network (Fig. 3) in a compact, modular form (for an image of the
full network, see Web Fig. A online). By using symbols to represent
the different motifs (Fig. 1), the network is broken down to its
basic building blocks. A single layer of DORs connects most of the
transcription factors to their effector operons. Feedforward loops
and SIMs often occur at the outputs of these DORs. The DORs are
interconnected by the global transcription factors, which typically
control many genes in one DOR and few genes in several DORs.
An important step in visualizing the network was to allow each
global transcription factor to appear multiple times, whenever it is
an input to a structure. This reduces the complexity of the inter-
connections while preserving all the information. There are few

long cascades3, usually involving !-factors, such as cas-
cades of depth 5 in the flagella and nitrogen systems. Over
70% of the operons are connected to the DORs; the rest of
the operons are in small disjoint systems. Most disjoint
systems have only 1 to 3 operons. The remaining disjoint
systems have up to 25 operons and show many SIMs and
feedforward loops. A notable feature of the overall organi-
zation is the large degree of overlap within DORs between
the short cascades that control most operons. The layer of
DORs may therefore represent the core of the computa-
tion carried out by the transcriptional network.

Cycles such as feedback loops are an important feature
of regulatory networks. Transcriptional feedback loops
occur in various organisms, such as the genetic switch in
"-phage5. In the E. coli data set, there are no examples of
feedback loops of direct transcriptional interactions,
except for auto-regulatory loops3. However, the absence

of feedback loops is not statistically significant, as over 80% of
the randomized networks also have no feedback loops (Table 1).
The many regulatory feedbacks loops in the organism are carried
out at the post-transcriptional level.

We considered only transcription interactions specifically
manifested by transcription factors that bind regulatory sites3,14.
This transcriptional network can be thought of as the ‘slow’ part
of the cellular regulation network (time scale of minutes). An
additional layer of faster interactions, which include interactions
between proteins (often subsecond timescale), contributes to the
full regulatory behavior and will probably introduce additional
network motifs. Characterization of additional transcriptional
interactions may change the present motif assignment for spe-
cific systems. However, our conclusions regarding the high fre-
quencies of feedforward loops, SIMs and overlapping regulation
compared with randomized networks are insensitive to the addi-
tion or removal of interactions from the data set. These features
are still highly significant, even when 25% of the connections in
the E. coli network are removed or rearranged at random.

The concept of homology between genes based on sequence
motifs has been crucial for understanding the function of
uncharacterized genes. Likewise, the notion of similarity
between connectivity patterns in networks, based on network
motifs, may be helpful in gaining insight into the dynamic
behavior of newly identified gene circuits. The present analysis
may serve as a guideline for experimental study of the functions
of the motifs. It would be useful to determine whether the net-
work motifs found in E. coli can characterize the transcriptional
networks of other cell types. In higher eukaryotes, for example,
there will be many more regulators affecting each gene, and addi-
tional types of circuits may be found. The findings presented
here also raise the possibility that motifs can be defined in other
biological networks7, such as signal transduction, metabolic19

and neuron connectivity networks.
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Fig. 2 Dynamic features of the coherent feedforward loop and SIM
motifs. a, Consider a coherent feedforward loop circuit with an ‘AND-
gate’–like control of the output operon Z. This circuit can reject rapid
variations in the activity of the input X, and respond only to persistent
activation profiles. This is because Y needs to integrate the input X
over time to pass the activation threshold for Z (thin line). A similar
rejection of rapid fluctuations can be achieved by a cascade, X#Y#Z;
however, the cascade has a slower shut-down than the feedforward
loop (thin red line in the Z dynamics panel). b, Dynamics of the SIM
motif. This motif can show a temporal program of expression accord-
ing to a hierarchy of activation thresholds of the genes. When the
activity of X, the master activator, rises and falls with time, the genes
with the lowest threshold are activated earliest and deactivated lat-
est. Time is in units of protein lifetimes, or of cell cycles in the case of
long-lived proteins.
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dynamics (Fig. 5h). The promoter activity
level increased with IPTG, as expected, but
the response time was nearly independent of
IPTG levels. Hence, in this control system,
expression strength did not correlate signifi-
cantly with response time.

Unbranched biosynthesis pathways can be
viewed as ‘production pipelines’, in which the
end product is produced from an initial sub-
strate through several intermediate steps. We
analyzed an enzyme pathway, using a theoretical approach that is an
extension of classical theoretical studies6,7,19,20. Important extensions
include treatment of transcriptional regulation, as well as dilution
effects due to cell growth. We modeled a pathway consisting of three
consecutive steps, representing a biosynthetic pathway composed of
three enzymes. The enzymes E1, E2 and E3 produce products according
to standard Michaelis-Menten equations, in which the rate of produc-
tion, utilization and dilution of metabolite Si is described by equation
1 in Box 1 in which ! is the cell division rate and one can assume for
simplicity that the enzymes have the same velocities (Vi = V) and Km
values (Kmi = Km; ref. 19). The initial substrate S0 is assumed to be
present at saturation. The amino acid product is P = S3. The equation
for S3 has an additional sink term representing the cell’s use of the
amino acid, represented by !" S3. The concentration of each enzyme is
a balance of its expression rate and dilution by cell growth21,22 (equa-
tion 2 in Box 1).

The parameters #i and ki are the maximal
promoter activity and repression coefficient3

of gene i. ki, the concentration of repressor
needed for 50% repression, represents com-
plex combinations of the binding affinity of
the repressor to its cis-regulatory site, the
strength of the RNA polymerase binding and
the relative positions of these sites23. The active

repressor level (repressor bound to P) is given by equation 3 in Box 1 in
which RT is the total repressor concentration and Kr is the dissociation
constant. The flux of the product is given by equation 4 in Box 1.

To find the optimal gene expression program, we optimized the
parameters #i, ki and Kr to minimize a cost function given by equation
5 in Box 1. This cost function is composed of two factors: the cost to
produce the enzymes and the rate and precision at which F approaches
its goal, Fgoal. The cost function has two parameters: a represents the
relative cost of producing the enzymes, and the integration time T rep-
resents a typical time scale for the duration of activation of the system
in the environment1.

The optimized solution that minimizes this cost function shows a
hierarchy in promoter strengths as well as temporal order (Fig. 6):
the earlier the enzyme acts in the pathway, the higher its maximal
promoter activity and the earlier it is expressed. These programs are

L E T T E R S

488 VOLUME 36 | NUMBER 5 | MAY 2004 NATURE GENETICS

Glutamate

N-Ac-glutamate

N-Ac-glutamyl-p

N-Ac-ornithine

N-Ac-glutamyl -SA

Ornithine

Citrulline

Arginino-succinate

Carbamoyl-P

Glutamine

Aspartate

argA

argR

argB

argC

argD

argE

argG

argH

carAB

argF

argI

Time (min)

Time (min)

Normalized Lux/Absorbance 

Norm
alized (Lux/Absorbance) 

Arginine

0 20 40 60 80 100

0.1 0.5 1
0 20 40 60 80 100

0 20 40 60 80 100

Figure 3  Promoter activity profiles of the nine
arginine biosynthesis operons. Lux reporter strains
were grown in defined medium containing all
amino acids and diluted into the same medium
lacking arginine. Shown is the ratio of Lux activity
to absorbance at each time point divided by the
highest ratio for each strain. Blue and red indicate
low and high expression, respectively. The pathway
diagram illustrates the metabolic steps of the
arginine biosynthesis pathway and the dashed
arrows indicate the stages at which each gene
product participates. Similar results were obtained
using GFP reporter strains.
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Figure 4  Promoter activity profiles of serine and
methionine biosynthesis systems. GFP reporter
strains were grown on defined medium
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serine (a) or methionine (b). Shown is the ratio
of GFP activity to absorbance at each time point
divided by the highest ratio for each strain.
Blue and red indicate low and high expression,
respectively. The pathway diagram illustrates
the metabolic steps in the pathways and the
dashed arrows indicate the stages at which
each gene product participates.
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Network motifs in the transcriptional regulation
network of Escherichia coli
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Little is known about the design principles1–10 of transcrip-
tional regulation networks that control gene expression in
cells. Recent advances in data collection and analysis2,11,12,
however, are generating unprecedented amounts of informa-
tion about gene regulation networks. To understand these
complex wiring diagrams1–10,13, we sought to break down such
networks into basic building blocks2. We generalize the notion
of motifs, widely used for sequence analysis, to the level of
networks. We define ‘network motifs’ as patterns of intercon-
nections that recur in many different parts of a network at fre-
quencies much higher than those found in randomized
networks. We applied new algorithms for systematically
detecting network motifs to one of the best-characterized reg-
ulation networks, that of direct transcriptional interactions in
Escherichia coli3,6. We find that much of the network is com-
posed of repeated appearances of three highly significant
motifs. Each network motif has a specific function in determin-
ing gene expression, such as generating temporal expression
programs and governing the responses to fluctuating external
signals. The motif structure also allows an easily interpretable
view of the entire known transcriptional network of the organ-
ism. This approach may help define the basic computational
elements of other biological networks.
We compiled a data set of direct transcriptional interactions
between transcription factors and the operons they regulate (an
operon is a group of contiguous genes that are transcribed into a
single mRNA molecule). This database contains 577 interac-
tions and 424 operons (involving 116 transcription factors); it
was formed on the basis of on an existing database (Regu-
lonDB)3,14. We enhanced RegulonDB by an extensive literature
search, adding 35 new transcription factors, including alterna-
tive !-factors (subunits of RNA polymerase that confer recogni-
tion of specific promoter sequences). The data set consists of
established interactions in which a transcription factor directly
binds a regulatory site.

The transcriptional network can be represented as a directed
graph, in which each node represents an operon and edges repre-
sent direct transcriptional interactions. Each edge is directed
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dynamics (Fig. 5h). The promoter activity
level increased with IPTG, as expected, but
the response time was nearly independent of
IPTG levels. Hence, in this control system,
expression strength did not correlate signifi-
cantly with response time.

Unbranched biosynthesis pathways can be
viewed as ‘production pipelines’, in which the
end product is produced from an initial sub-
strate through several intermediate steps. We
analyzed an enzyme pathway, using a theoretical approach that is an
extension of classical theoretical studies6,7,19,20. Important extensions
include treatment of transcriptional regulation, as well as dilution
effects due to cell growth. We modeled a pathway consisting of three
consecutive steps, representing a biosynthetic pathway composed of
three enzymes. The enzymes E1, E2 and E3 produce products according
to standard Michaelis-Menten equations, in which the rate of produc-
tion, utilization and dilution of metabolite Si is described by equation
1 in Box 1 in which ! is the cell division rate and one can assume for
simplicity that the enzymes have the same velocities (Vi = V) and Km
values (Kmi = Km; ref. 19). The initial substrate S0 is assumed to be
present at saturation. The amino acid product is P = S3. The equation
for S3 has an additional sink term representing the cell’s use of the
amino acid, represented by !" S3. The concentration of each enzyme is
a balance of its expression rate and dilution by cell growth21,22 (equa-
tion 2 in Box 1).

The parameters #i and ki are the maximal
promoter activity and repression coefficient3

of gene i. ki, the concentration of repressor
needed for 50% repression, represents com-
plex combinations of the binding affinity of
the repressor to its cis-regulatory site, the
strength of the RNA polymerase binding and
the relative positions of these sites23. The active

repressor level (repressor bound to P) is given by equation 3 in Box 1 in
which RT is the total repressor concentration and Kr is the dissociation
constant. The flux of the product is given by equation 4 in Box 1.

To find the optimal gene expression program, we optimized the
parameters #i, ki and Kr to minimize a cost function given by equation
5 in Box 1. This cost function is composed of two factors: the cost to
produce the enzymes and the rate and precision at which F approaches
its goal, Fgoal. The cost function has two parameters: a represents the
relative cost of producing the enzymes, and the integration time T rep-
resents a typical time scale for the duration of activation of the system
in the environment1.

The optimized solution that minimizes this cost function shows a
hierarchy in promoter strengths as well as temporal order (Fig. 6):
the earlier the enzyme acts in the pathway, the higher its maximal
promoter activity and the earlier it is expressed. These programs are
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Figure 3  Promoter activity profiles of the nine
arginine biosynthesis operons. Lux reporter strains
were grown in defined medium containing all
amino acids and diluted into the same medium
lacking arginine. Shown is the ratio of Lux activity
to absorbance at each time point divided by the
highest ratio for each strain. Blue and red indicate
low and high expression, respectively. The pathway
diagram illustrates the metabolic steps of the
arginine biosynthesis pathway and the dashed
arrows indicate the stages at which each gene
product participates. Similar results were obtained
using GFP reporter strains.
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A primary goal of systems biology is to understand the design
principles of the transcription networks that govern the
timing of gene expression1–5. Here we measured promoter
activity for !100 genes in parallel from living cells at a
resolution of minutes and accuracy of 10%, based on GFP
and Lux reporter libraries3. Focusing on the amino-acid
biosynthesis systems of Escherichia coli4, we identified a
previously unknown temporal expression program and
expression hierarchy that matches the enzyme order in
unbranched pathways. We identified two design principles:
the closer the enzyme is to the beginning of the pathway, the
shorter the response time of the activation of its promoter
and the higher its maximal promoter activity. Mathematical
analysis suggests that this ‘just-in-time’ (ref. 5) transcription
program is optimal under constraints of rapidly reaching a
production goal with minimal total enzyme production6,7.
Our findings suggest that metabolic regulation networks are
designed to generate precision promoter timing and activity
programs that can be understood using the engineering
principles of production pipelines.

Amino-acid biosynthesis (AAB) in E. coli is carried out by well-charac-
terized enzymatic pathways4,6–11. The genes encoding these enzymes
are governed by a transcriptional regulatory network12,13, which is an
excellent model system for studying the design principles of metabolic
regulation. To study the dynamics of transcription of AAB genes at
high temporal resolution and accuracy, we constructed a library of 52
reporter strains that represent !50% of known AAB genes. We
designed each reporter strain by cloning one of the promoter regions
of E. coli K-12 MG1655 upstream of a Lux or a fast-folding GFP
reporter gene (Fig. 1a). We measured promoter activity with a high
temporal resolution by measuring fluorescence, luminescence and
absorbance from 96 cultures in parallel in a multiwell fluorimeter3,14.
The fluorimeter allowed automated readings at 4-min or 8-min inter-
vals during growth with shaking at a constant temperature. Day-to-
day reproducibility was !10% (Fig. 1b,c).

We first studied the dynamics of the AAB promoter activity after a
shift from defined medium with no amino acids to defined medium
supplemented with one amino acid (Fig. 2). We measured expression
every 8 min for 8 h of growth and plotted data as a ratio relative to the
expression at the same absorbance in the absence of amino acids.
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Figure 1 System for measuring promoter
activity with high resolution and accuracy.
(a) Reporter plasmids: pUA66 contains the
gene GFPmut2; pUAL94 contains the operon
LuxCDABE. Both vectors include a BamHI and
XhoI cloning site for the promoter region, a
low-copy origin (SC101 origin) and a
kanamycin resistance gene. Two additional
vectors (pUA139 with GFPmut2 and pUAL306
with luxCDABE) contain a reversed (BamHI-
XhoI) cloning site for promoters in the opposite
direction (not shown). Day-to-day
reproducibility of the high-throughput
measurement of absorbance (b) and GFP (c).
The mean relative error for the absorbance and
fluorescence measurements was 11% and
10%, respectively.
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Network motifs in the transcriptional regulation
network of Escherichia coli

Shai S. Shen-Orr1, Ron Milo2, Shmoolik Mangan1 & Uri Alon1,2

1Department of Molecular Cell Biology, 2Department of Physics of Complex Systems, Weizmann Institute of Science, Rehovot 76100, Israel. Correspondence
should be addressed to U.A. (e-mail: urialon@wisemail.weizmann.ac.il).

Little is known about the design principles1–10 of transcrip-
tional regulation networks that control gene expression in
cells. Recent advances in data collection and analysis2,11,12,
however, are generating unprecedented amounts of informa-
tion about gene regulation networks. To understand these
complex wiring diagrams1–10,13, we sought to break down such
networks into basic building blocks2. We generalize the notion
of motifs, widely used for sequence analysis, to the level of
networks. We define ‘network motifs’ as patterns of intercon-
nections that recur in many different parts of a network at fre-
quencies much higher than those found in randomized
networks. We applied new algorithms for systematically
detecting network motifs to one of the best-characterized reg-
ulation networks, that of direct transcriptional interactions in
Escherichia coli3,6. We find that much of the network is com-
posed of repeated appearances of three highly significant
motifs. Each network motif has a specific function in determin-
ing gene expression, such as generating temporal expression
programs and governing the responses to fluctuating external
signals. The motif structure also allows an easily interpretable
view of the entire known transcriptional network of the organ-
ism. This approach may help define the basic computational
elements of other biological networks.
We compiled a data set of direct transcriptional interactions
between transcription factors and the operons they regulate (an
operon is a group of contiguous genes that are transcribed into a
single mRNA molecule). This database contains 577 interac-
tions and 424 operons (involving 116 transcription factors); it
was formed on the basis of on an existing database (Regu-
lonDB)3,14. We enhanced RegulonDB by an extensive literature
search, adding 35 new transcription factors, including alterna-
tive !-factors (subunits of RNA polymerase that confer recogni-
tion of specific promoter sequences). The data set consists of
established interactions in which a transcription factor directly
binds a regulatory site.

The transcriptional network can be represented as a directed
graph, in which each node represents an operon and edges repre-
sent direct transcriptional interactions. Each edge is directed
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Fig. 1 Network motifs found in the E. coli transcriptional regulation network.
Symbols representing the motifs are also shown. a, Feedforward loop: a tran-
scription factor X regulates a second transcription factor Y, and both jointly
regulate one or more operons Z1...Zn. b, Example of a feedforward loop (L-ara-
binose utilization). c, SIM motif: a single transcription factor, X, regulates a set
of operons Z1...Zn. X is usually autoregulatory. All regulations are of the same
sign. No other transcription factor regulates the operons. d, Example of a SIM
system (arginine biosynthesis). e, DOR motif: a set of operons Z1...Zm are each
regulated by a combination of a set of input transcription factors, X1...Xn.
DORs are defined by an algorithm that detects dense regions of connections,
with a high ratio of connections to transcription factors. f, Example of a DOR
(stationary phase response).
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dynamics (Fig. 5h). The promoter activity
level increased with IPTG, as expected, but
the response time was nearly independent of
IPTG levels. Hence, in this control system,
expression strength did not correlate signifi-
cantly with response time.

Unbranched biosynthesis pathways can be
viewed as ‘production pipelines’, in which the
end product is produced from an initial sub-
strate through several intermediate steps. We
analyzed an enzyme pathway, using a theoretical approach that is an
extension of classical theoretical studies6,7,19,20. Important extensions
include treatment of transcriptional regulation, as well as dilution
effects due to cell growth. We modeled a pathway consisting of three
consecutive steps, representing a biosynthetic pathway composed of
three enzymes. The enzymes E1, E2 and E3 produce products according
to standard Michaelis-Menten equations, in which the rate of produc-
tion, utilization and dilution of metabolite Si is described by equation
1 in Box 1 in which ! is the cell division rate and one can assume for
simplicity that the enzymes have the same velocities (Vi = V) and Km
values (Kmi = Km; ref. 19). The initial substrate S0 is assumed to be
present at saturation. The amino acid product is P = S3. The equation
for S3 has an additional sink term representing the cell’s use of the
amino acid, represented by !" S3. The concentration of each enzyme is
a balance of its expression rate and dilution by cell growth21,22 (equa-
tion 2 in Box 1).

The parameters #i and ki are the maximal
promoter activity and repression coefficient3

of gene i. ki, the concentration of repressor
needed for 50% repression, represents com-
plex combinations of the binding affinity of
the repressor to its cis-regulatory site, the
strength of the RNA polymerase binding and
the relative positions of these sites23. The active

repressor level (repressor bound to P) is given by equation 3 in Box 1 in
which RT is the total repressor concentration and Kr is the dissociation
constant. The flux of the product is given by equation 4 in Box 1.

To find the optimal gene expression program, we optimized the
parameters #i, ki and Kr to minimize a cost function given by equation
5 in Box 1. This cost function is composed of two factors: the cost to
produce the enzymes and the rate and precision at which F approaches
its goal, Fgoal. The cost function has two parameters: a represents the
relative cost of producing the enzymes, and the integration time T rep-
resents a typical time scale for the duration of activation of the system
in the environment1.

The optimized solution that minimizes this cost function shows a
hierarchy in promoter strengths as well as temporal order (Fig. 6):
the earlier the enzyme acts in the pathway, the higher its maximal
promoter activity and the earlier it is expressed. These programs are
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Figure 3  Promoter activity profiles of the nine
arginine biosynthesis operons. Lux reporter strains
were grown in defined medium containing all
amino acids and diluted into the same medium
lacking arginine. Shown is the ratio of Lux activity
to absorbance at each time point divided by the
highest ratio for each strain. Blue and red indicate
low and high expression, respectively. The pathway
diagram illustrates the metabolic steps of the
arginine biosynthesis pathway and the dashed
arrows indicate the stages at which each gene
product participates. Similar results were obtained
using GFP reporter strains.
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Figure 4  Promoter activity profiles of serine and
methionine biosynthesis systems. GFP reporter
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containing all 20 amino acids and then
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dashed arrows indicate the stages at which
each gene product participates.
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Little is known about the design principles1–10 of transcrip-
tional regulation networks that control gene expression in
cells. Recent advances in data collection and analysis2,11,12,
however, are generating unprecedented amounts of informa-
tion about gene regulation networks. To understand these
complex wiring diagrams1–10,13, we sought to break down such
networks into basic building blocks2. We generalize the notion
of motifs, widely used for sequence analysis, to the level of
networks. We define ‘network motifs’ as patterns of intercon-
nections that recur in many different parts of a network at fre-
quencies much higher than those found in randomized
networks. We applied new algorithms for systematically
detecting network motifs to one of the best-characterized reg-
ulation networks, that of direct transcriptional interactions in
Escherichia coli3,6. We find that much of the network is com-
posed of repeated appearances of three highly significant
motifs. Each network motif has a specific function in determin-
ing gene expression, such as generating temporal expression
programs and governing the responses to fluctuating external
signals. The motif structure also allows an easily interpretable
view of the entire known transcriptional network of the organ-
ism. This approach may help define the basic computational
elements of other biological networks.
We compiled a data set of direct transcriptional interactions
between transcription factors and the operons they regulate (an
operon is a group of contiguous genes that are transcribed into a
single mRNA molecule). This database contains 577 interac-
tions and 424 operons (involving 116 transcription factors); it
was formed on the basis of on an existing database (Regu-
lonDB)3,14. We enhanced RegulonDB by an extensive literature
search, adding 35 new transcription factors, including alterna-
tive !-factors (subunits of RNA polymerase that confer recogni-
tion of specific promoter sequences). The data set consists of
established interactions in which a transcription factor directly
binds a regulatory site.

The transcriptional network can be represented as a directed
graph, in which each node represents an operon and edges repre-
sent direct transcriptional interactions. Each edge is directed
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Fig. 1 Network motifs found in the E. coli transcriptional regulation network.
Symbols representing the motifs are also shown. a, Feedforward loop: a tran-
scription factor X regulates a second transcription factor Y, and both jointly
regulate one or more operons Z1...Zn. b, Example of a feedforward loop (L-ara-
binose utilization). c, SIM motif: a single transcription factor, X, regulates a set
of operons Z1...Zn. X is usually autoregulatory. All regulations are of the same
sign. No other transcription factor regulates the operons. d, Example of a SIM
system (arginine biosynthesis). e, DOR motif: a set of operons Z1...Zm are each
regulated by a combination of a set of input transcription factors, X1...Xn.
DORs are defined by an algorithm that detects dense regions of connections,
with a high ratio of connections to transcription factors. f, Example of a DOR
(stationary phase response).
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