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Introduction



From Genome to Life
Networks play important roles
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High-throughput Technology 
• Genomics

- sequencing

- SNP

- annotation

• Transcriptomics

- Microarrays

- Gene expression data

• Proteomics

- Y2H method

- Mass spectrometry

- Protein chips

• Metabolomics

- NMR

- Mass spectrometry
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Biological Networks

et al., 2010). Computational prediction maps are fast and effi-
cient to implement, and usually include satisfyingly large
numbers of nodes and edges, but are necessarily imperfect
because they use indirect information (Plewczynski andGinalski,
2009). While high-throughput maps attempt to describe unbi-
ased, systematic, and well-controlled data, they were initially
more difficult to establish, although recent technological
advances suggest that near completion can be reached within
a few years for highly reliable, comprehensive protein-protein
interaction and gene regulatory network maps for human (Ven-
katesan et al., 2009).

The mapping and analysis of interactome networks for
model organisms was instrumental in getting to this point.
Such efforts provided, and will continue to provide, both neces-
sary pioneering technologies and crucial conceptual insights. As
with other aspects of biology, advancements inmapping of inter-
actome networks would have been minimal without a focus on
model organisms (Davis, 2004). The field of interactome
mapping has been helped by developments in several model
organisms, primarily the yeast, Saccharomyces cerevisiae, the
fly, Drosophila melanogaster, and the worm, Caenorhabditis
elegans (Figure 2). For instance, genome-wide resources such
as collections of all, or nearly all, open reading frames
(ORFeomes) were first generated for these model organisms,
both because their genomes are the best annotated and
because there are fewer complications, such as the high number
of splice variants in human and other mammals. ORFeome
resources allow efficient transfer of large numbers of ORFs into
vectors suitable for diverse interactome mapping technologies
(Hartley et al., 2000;Walhout et al., 2000b). Moreover, gene abla-
tion technologies, knockouts (for yeast) and knockdowns by
RNAi (for worms and flies) and transposon insertions (for plants),

were discovered in and are being applied genome-wide for these
model organisms (Mohr et al., 2010).

Metabolic Networks
Metabolic network maps attempt to comprehensively describe
all possible biochemical reactions for a particular cell or
organism (Schuster et al., 2000; Edwards et al., 2001). In many
representations of metabolic networks, nodes are biochemical
metabolites and edges are either the reactions that convert
one metabolite into another or the enzymes that catalyze these
reactions (Jeong et al., 2000; Schuster et al., 2000) (Figure 2).
Edges can be directed or undirected, depending on whether
a given reaction is reversible or not. In specific cases of meta-
bolic network modeling, the converse situation can be used,
with nodes representing enzymes and edges pointing to adja-
cent pairs of enzymes for which the product of one is the
substrate of the other (Lee et al., 2008).
Although large metabolic pathway charts have existed for

decades (Kanehisa et al., 2008), nearly complete metabolic
network maps required the completion of full genome
sequencing together with accurate gene annotation tools (Ober-
hardt et al., 2009). Network construction is manual with compu-
tational assistance, involving: (1) the meticulous curation of large
numbers of publications, each describing experimental results
regarding one or several metabolic reactions characterized
from purified or reconstituted enzymes, and (2) when necessary,
the compilation of predicted reactions from studies of ortholo-
gous enzymes experimentally characterized in other species.
Assembly of the union of all experimentally demonstrated
and predicted reactions gives rise to proteome-scale network
maps (Mo and Palsson, 2009). Such maps have been
compiled for numerous species, predominantly prokaryotes

Figure 2. Networks in Cellular Systems
To date, cellular networks are most available for the ‘‘super-model’’ organisms (Davis, 2004) yeast, worm, fly, and plant. High-throughput interactome mapping
relies upon genome-scale resources such as ORFeome resources. Several types of interactome networks discussed are depicted. In a protein interaction
network, nodes represent proteins and edges represent physical interactions. In a transcriptional regulatory network, nodes represent transcription factors
(circular nodes) or putative DNA regulatory elements (diamond nodes); and edges represent physical binding between the two. In a disease network, nodes
represent diseases, and edges represent genemutations of which are associated with the linked diseases. In a virus-host network, nodes represent viral proteins
(square nodes) or host proteins (round nodes), and edges represent physical interactions between the two. In a metabolic network, nodes represent enzymes,
and edges represent metabolites that are products or substrates of the enzymes. The network depictions seem dense, but they represent only small portions of
available interactome network maps, which themselves constitute only a few percent of the complete interactomes within cells.

988 Cell 144, March 18, 2011 ª2011 Elsevier Inc.

Vidal et al., Cell (2011) 144:986
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Graph concepts
Graphs are made up by vertices (nodes) and edges (links).

An edge connects two vertices, or a vertex with itself – loop.

AC, AC - multiple edges

BB – loop

The shape of the graph does not 

matter, only the way the nodes are

connected to each other.     

Simple graph - does not have loops (self-edges) and multiple  identical 

edges. 

Further reading:

http://www.utm.edu/departments/math/graph/glossary.html















Network Models
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Box 2 | Network models

Network models are crucial for shaping our understanding of complex networks and help to explain the origin of observed network
characteristics. There are three models that had a direct impact on our understanding of biological networks.

Random networks 
The Erdös–Rényi (ER) model of a random network14 (see figure, part A) starts with N nodes and connects each pair of nodes with probability p,
which creates a graph with approximately pN(N–1)/2 randomly placed links (see figure, part Aa). The node degrees follow a Poisson distribution
(see figure, part Ab), which indicates that most nodes have approximately the same number of links (close to the average degree <k>). The tail
(high k region) of the degree distribution P(k) decreases exponentially, which indicates that nodes that significantly deviate from the average are
extremely rare. The clustering coefficient is independent of a node’s degree, so C(k) appears as a horizontal line if plotted as a function of k (see
figure, part Ac). The mean path length is proportional to the logarithm of the network size, l ~ log N, which indicates that it is characterized by the
small-world property.

Scale-free networks
Scale-free networks (see figure, part B) are characterized by a power-law degree distribution; the probability that a node has k links follows 
P(k) ~ k –!, where ! is the degree exponent. The probability that a node is highly connected is statistically more significant than in a random graph,
the network’s properties often being determined by a relatively small number of highly connected nodes that are known as hubs (see figure, part
Ba; blue nodes). In the Barabási–Albert model of a scale-free network15, at each time point a node with M links is added to the network, which
connects to an already existing node I with probability "I = kI/#JkJ, where kI is the degree of node I (FIG. 3) and J is the index denoting the sum over
network nodes. The network that is generated by this growth process has a power-law degree distribution that is characterized by the degree
exponent ! = 3. Such distributions are seen as a straight line on a log–log plot (see figure, part Bb). The network that is created by the
Barabási–Albert model does not have an inherent modularity, so C(k) is independent of k (see figure, part Bc). Scale-free networks with degree
exponents 2<!<3, a range that is observed in most biological and non-biological networks, are ultra-small34,35, with the average path length
following ! ~ log log N, which is significantly shorter than log N that characterizes random small-world networks.

Hierarchical networks
To account for the coexistence of modularity, local clustering and scale-free topology in many real systems it has to be assumed that clusters
combine in an iterative manner, generating a hierarchical network47,53 (see figure, part C). The starting point of this construction is a small cluster
of four densely linked nodes (see the four central nodes in figure, part Ca). Next, three replicas of this module are generated and the three external
nodes of the replicated clusters
connected to the central node of
the old cluster, which produces a
large 16-node module. Three
replicas of this 16-node module
are then generated and the 16
peripheral nodes connected to
the central node of the old
module, which produces a new
module of 64 nodes. The
hierarchical network model
seamlessly integrates a scale-free
topology with an inherent
modular structure by generating
a network that has a power-law
degree distribution with degree
exponent ! = 1 + !n4/!n3 = 2.26
(see figure, part Cb) and a large,
system-size independent average
clustering coefficient <C> ~ 0.6.
The most important signature of
hierarchical modularity is the
scaling of the clustering
coefficient, which follows 
C(k) ~ k –1 a straight line of slope
–1 on a log–log plot (see figure,
part Cc). A hierarchical
architecture implies that sparsely
connected nodes are part of
highly clustered areas, with
communication between the
different highly clustered
neighbourhoods being
maintained by a few hubs 
(see figure, part Ca).
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Scale-Free Network



Erdös-Rényi model (1960)

- Democratic
- Random

Pál Erdös 
(1913-1996)

Connect with 
probability p

p=1/6 
N=10 
〈k〉 ~ 1.5 Poisson distribution

Random Network



Small worlds

Peter
Jane

Sarah

Ralph Society: 
Six degrees  
S. Milgram 1967
F. Karinthy 1929

WWW: 
19 degrees
Albert et al. 1999
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World Wide Web

Over 3 billion documents
ROBOT: collects all URL’s 
found in a document and follows 
them recursively

Nodes: WWW documents 
Links:   URL links

R. Albert, H. Jeong, A-L Barabasi, Nature, 401 130 (1999).

E
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Scale-Free Network

Specifically, a power law does not have a
peak, as a bell curve does, but is instead de-
scribed by a continuously decreasing func-
tion. When plotted on a double-logarith-
mic scale, a power law is a straight line
[see illustration above]. In contrast to the
democratic distribution of links seen in
random networks, power laws describe
systems in which a few hubs, such as Ya-
hoo and Google, dominate.

Hubs are simply forbidden in random
networks. When we began to map the
Web, we expected the nodes to follow a
bell-shaped distribution, as do people’s
heights. Instead we discovered certain
nodes that defied explanation, almost as
if we had stumbled on a significant num-
ber of people who were 100 feet tall, thus
prompting us to coin the term “scale-free.”

Scale-Free Networks Abound
OVER THE PAST several years, re-
searchers have uncovered scale-free struc-
tures in a stunning range of systems.
When we studied the World Wide Web,
we looked at the virtual network of Web
pages connected to one another by hy-
perlinks. In contrast, Michalis Faloutsos
of the University of California at River-
side, Petros Faloutsos of the University of
Toronto and Christos Faloutsos of Car-
negie Mellon University analyzed the
physical structure of the Internet. These
three computer-scientist brothers investi-
gated the routers connected by optical or
other communications lines and found
that the topology of that network, too, is
scale-free.

Researchers have also discovered that

some social networks are scale-free. A col-
laboration between scientists from Boston
University and Stockholm University, for
instance, has shown that a network of
sexual relationships among people in
Sweden followed a power law: although
most individuals had only a few sexual
partners during their lifetime, a few (the
hubs) had hundreds. A recent study led
by Stefan Bornholdt of the University of
Kiel in Germany concluded that the net-
work of people connected by e-mail is
likewise scale-free. Sidney Redner of
Boston University demonstrated that the
network of scientific papers, connected
by citations, follows a power law as well.
And Mark Newman of the University of
Michigan at Ann Arbor examined col-
laborations among scientists in several
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RANDOM NETWORKS, which resemble the U.S. highway system
(simplified in left map), consist of nodes with randomly placed
connections. In such systems, a plot of the distribution of node
linkages will follow a bell-shaped curve (left graph), with most
nodes having approximately the same number of links. 

In contrast, scale-free networks, which resemble the U.S.
airline system (simplified in right map), contain hubs (red)—

nodes with a very high number of links. In such networks, the
distribution of node linkages follows a power law (center graph)
in that most nodes have just a few connections and some have 
a tremendous number of links. In that sense, the system has no
“scale.” The defining characteristic of such networks is that the
distribution of links, if plotted on a double-logarithmic scale
(right graph), results in a straight line.

Bell Curve Distribution of Node Linkages Power Law Distribution of Node Linkages

Random Network Scale-Free Network

COPYRIGHT 2003 SCIENTIFIC AMERICAN, INC.

Scientific American, 2003 May



ACTOR CONNECTIVITIES
Nodes: actors     
Links: cast jointly

N = 212,250 actors     〈k〉 = 
28.78

P(k) ~k-γ

Days of Thunder (1990) 
Far and Away     (1992)  
Eyes Wide Shut  (1999)

γ=2.3



Nodes: scientist (authors) 
Links: joint publication

(Newman, 2000, Barabasi et al 2001)

SCIENCE COAUTHORSHIP
M: math

NS: neuroscience



Swedish sex-web
Nodes: people (Females; Males)
Links:  sexual relationships

Liljeros et al. Nature 2001

4781 Swedes; 18-74; 
59% response rate.



Examples of 
Scale-Free Networks

disciplines, including physicians and com-
puter scientists, and found that those net-
works were also scale-free, corroborating
a study we conducted focusing on math-
ematicians and neurologists. (Interesting-
ly, one of the largest hubs in the mathe-
matics community is Erd!os himself, who
wrote more than 1,400 papers with no
fewer than 500 co-authors.)

Scale-free networks can occur in busi-
ness. Walter W. Powell of Stanford Uni-
versity, Douglas R. White of the Univer-
sity of California at Irvine, Kenneth W.
Koput of the University of Arizona, and
Jason-Owen Smith of the University of
Michigan studied the formation of al-
liance networks in the U.S. biotechnolo-
gy industry and discovered definite hubs—
for instance, companies such as Genzyme,
Chiron and Genentech had a dispropor-
tionately large number of partnerships
with other firms. Researchers in Italy took
a deeper look at that network. Using data
collected by the University of Siena’s Phar-
maceutical Industry Database, which now
provides information for around 20,100
R&D agreements among more than 7,200
organizations, they found that the hubs
detected by Powell and his colleagues were
actually part of a scale-free network.

Even the network of actors in Holly-
wood—popularized by the game Six De-
grees of Kevin Bacon, in which players
try to connect actors to Bacon via the
movies in which they have appeared to-
gether—is scale-free. A quantitative analy-

sis of that network showed that it, too,
is dominated by hubs. Specifically, al-
though most actors have only a few links
to others, a handful of actors, including
Rod Steiger and Donald Pleasence, have
thousands of connections. (Incidentally,
on a list of most connected actors, Bacon
ranked just 876th.)

On a more serious note, scale-free
networks are present in the biological
realm. With Zoltán Oltvai, a cell biologist
from Northwestern University, we found
a scale-free structure in the cellular meta-
bolic networks of 43 different organisms
from all three domains of life, including
Archaeoglobus fulgidus (an archaebac-
terium), Escherichia coli (a eubacterium)
and Caenorhabditis elegans (a eukary-
ote). In such networks, cells burn food by
splitting complex molecules to release en-
ergy. Each node is a particular molecule,
and each link is a biochemical reaction.
We found that most molecules participate
in just one or two reactions, but a few (the
hubs), such as water and adenosine tri-
phosphate, play a role in most of them. 

We discovered that the protein-inter-
action network of cells is scale-free as well.
In such a network, two proteins are “con-
nected” if they are known to interact with
each other. When we investigated Baker’s
yeast, one of the simplest eukaryotic (nu-
cleus-containing) cells, with thousands of
proteins, we discovered a scale-free topol-
ogy: although most proteins interact with
only one or two others, a few are able to

attach themselves physically to a huge
number. We found a similar result in the
protein-interaction network of an organ-
ism that is very different from yeast, a sim-
ple bacterium called Helicobacter pylori.

Indeed, the more that scientists stud-
ied networks, the more they uncovered
scale-free structures. These findings raised
an important question: How can systems
as fundamentally different as the cell and
the Internet have the same architecture
and obey the same laws? Not only are
these various networks scale-free, they
also share an intriguing property: for rea-
sons not yet known, the value of n in the
kn term of the power law tends to fall be-
tween 2 and 3.

The Rich Get Richer
PERHAPS A MORE BASIC question is
why random-network theory fails to ex-
plain the existence of hubs. A closer ex-
amination of the work of Erd!os and Rén-
yi reveals two reasons. 

In developing their model, Erd!os and
Rényi assumed that they had the full in-
ventory of nodes before they placed the
links. In contrast, the number of docu-
ments on the Web is anything but con-
stant. In 1990 the Web had only one page.
Now it has more than three billion. Most
networks have expanded similarly. Hol-
lywood had only a handful of actors in
1890, but as new people joined the trade,
the network grew to include more than
half a million, with the rookies connect-
ing to veteran actors. The Internet had
only a few routers about three decades
ago, but it gradually grew to have mil-
lions, with the new routers always linking
to those that were already part of the net-
work. Thanks to the growing nature of
real networks, older nodes had greater
opportunities to acquire links.

Furthermore, all nodes are not equal.
When deciding where to link their Web
page, people can choose from a few billion
locations. Yet most of us are familiar with
only a tiny fraction of the full Web, and
that subset tends to include the more con-
nected sites because they are easier to find.
By simply linking to those nodes, people
exercise and reinforce a bias toward them.
This process of “preferential attachment”
occurs elsewhere. In Hollywood the more
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NETWORK NODES LINKS

Cellular metabolism Molecules involved in Participation in the same
burning food for energy biochemical reaction

Hollywood Actors Appearance in the same movie

Internet Routers Optical and other 
physical connections

Protein regulatory Proteins that help to Interactions among 
network regulate a cell’s activities proteins

Research collaborations Scientists Co-authorship of papers

Sexual relationships People Sexual contact

World Wide Web Web pages URLs

Examples of Scale-Free Networks
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Scale-Free Network Modellevel of LSMO is situated above the Fermi
level of Co and a maximum of inverse TMR
is expected when the Fermi level of LSMO is
approximately at the maximum of the spin2
DOS of Co. This is consistent with the max-
imum of inverse TMR observed at !0.4 V
for Co/STO/LSMO junctions (Fig. 3A). For a
positive bias, the TMR is expected to change
sign and become normal above 1 V when the
Fermi level of LSMO goes down into the
energy range of the majority spin d-band of
Co. This is also observed in Fig. 3A.

For ALO and ALO/STO barriers, a predom-
inant tunneling of s-character electrons (see ar-
row in Fig. 2B) is the usual explanation of the
positive polarization (6–8). The rapid drop
with bias (Fig. 3B) is similar to what has been
observed in most junctions with ALO barriers,
and completely different from what is obtained
when the tunneling is predominantly by d-char-
acter electrons (Fig. 3A). The origin of this
rapid decrease of the TMR at relatively small
bias has never been clearly explained. This is
roughly consistent with the energy dependence
of the DOS induced by sp-d bonding effects on
the first atomic layer of ALO in the calculation
of Nguyen-Mahn et al. (8) for the Co-ALO
interface. But Zhang et al. (13) have also shown
that a large part of the TMR drop can be
attributed to the excitation of spin waves.

The experiments reported here and in sev-
eral recent publications (3, 4) demonstrate the
important role of the electronic structure of the
metal-oxide interface in determining the spin
polarization of the tunneling electrons. The neg-
ative polarization for the Co-STO interface has
been ascribed to d-d bonding effects between
Al and Ti (4). This interpretation is similar to

that proposed to explain, in terms of sp-d bond-
ing, the positive polarization at the Co-ALO
interface (8). However, there is no general the-
ory predicting the trend of the experimental
results for Co—that is, a negative polarization
with oxides of d elements (STO, CLO, Ta2O5)
and a positive one when there are only s and p
states (ALO). It is likely that the spin polariza-
tion should also depend on the position of the
Fermi level with respect to the electronic levels
of each character above and below the gap of
the insulator. In addition, as an evanescent
wave in an insulator is a Bloch wave with an
imaginary wave vector, one can expect differ-
ent decay lengths for Bloch waves of different
character. This means that the final polarization
could also depend on the thickness of the bar-
rier, as illustrated by the calculations of Mac-
Laren et al. for Fe/ZnSe/Fe junctions (14).

The influence of the barrier on the spin
polarization opens new ways to shape and op-
timize the TMR. Interesting bias dependencies
can be obtained with barriers selecting the d
electrons and probing the fine structure of the
d-DOS, as in Fig. 3A. The DOS of a d-band can
also be easily tailored by alloying (for example,
by introduction of virtual bound states) to pro-
duce specific bias dependencies. Although here
we concentrated on the problem of the spin
polarization of the Co electrode and regarded
the strongly spin-polarized LSMO only as a
useful spin analyzer, the large TMR ratios ob-
tained by combining Co and LSMO electrodes
(50% with a STO barrier) are also an interesting
result. The drawback arising from the low
Curie temperature of LSMO ("350 K) is the
reduction of the TMR at room temperature,

down to about 5% at 300 K in Co/STO/
LSMO (4). However, other types of oxides of
the double-perovskite family (for example,
Sr2FeMoO6) combine electronic properties
similar to those of manganites with a defi-
nitely higher Curie temperature (15). Their
use in magnetic tunnel junctions is promising
for a new generation of tunnel junctions with
very high magnetoresistance for room-tem-
perature applications.
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Emergence of Scaling in
Random Networks

Albert-László Barabási* and Réka Albert

Systems as diverse as genetic networks or the World Wide Web are best
described as networks with complex topology. A common property of many
large networks is that the vertex connectivities follow a scale-free power-law
distribution. This feature was found to be a consequence of two generic mech-
anisms: (i) networks expand continuously by the addition of new vertices, and
(ii) new vertices attach preferentially to sites that are already well connected.
A model based on these two ingredients reproduces the observed stationary
scale-free distributions, which indicates that the development of large networks
is governed by robust self-organizing phenomena that go beyond the particulars
of the individual systems.

The inability of contemporary science to de-
scribe systems composed of nonidentical el-
ements that have diverse and nonlocal inter-

actions currently limits advances in many
disciplines, ranging from molecular biology
to computer science (1). The difficulty of
describing these systems lies partly in their
topology: Many of them form rather complex
networks whose vertices are the elements of
the system and whose edges represent the
interactions between them. For example, liv-

Department of Physics, University of Notre Dame,
Notre Dame, IN 46556, USA.

*To whom correspondence should be addressed. E-
mail: alb@nd.edu

Fig. 3. Bias dependence of the TMR ratio in (A)
Co/STO/LSMO and (B) Co/ALO/STO/LSMO
tunnel junctions.
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Growth & Preferential Attachment

PERSPECTIVE

Scale-Free Networks: A Decade
and Beyond
Albert-László Barabási

For decades, we tacitly assumed that the components of such complex systems as the cell, the
society, or the Internet are randomly wired together. In the past decade, an avalanche of research
has shown that many real networks, independent of their age, function, and scope, converge to
similar architectures, a universality that allowed researchers from different disciplines to embrace
network theory as a common paradigm. The decade-old discovery of scale-free networks was one of
those events that had helped catalyze the emergence of network science, a new research field with
its distinct set of challenges and accomplishments.

Nature, society, and many technologies are
sustained by numerous networks that
are not only too important to fail but

paradoxically for decades have also proved too
complicated to understand. Simple models, like
the one introduced in 1959 by mathematicians
Pál Erd!s and Alfréd Rényi (1), drove much of
our thinking about interconnected systems. They
assumed that complex systems are wired randomly
together, a hypothesis that was adopted by so-
ciology, biology, and computer science. It had
considerable predictive power, explaining for ex-
ample why everybody is only six handshakes
from anybody else (2–5), a phenomenon ob-
served as early as 1929 (2) but which resonated
in physical sciences only after Duncan Watts and
Stephen Strogatz extended its reach beyond so-
ciology (5). Yet, the undeniable success of the
random hypothesis did pose a fundamental ques-
tion: Are real networks truly random? That is,
could systems such as the cell or a society func-
tion seamlessly if their nodes, molecules, or
peoplewerewired randomly together? This ques-
tion motivated our work as well, leading 10 years
ago to the discovery of the scale-free property
(6, 7).

Our first clue that real networks may show
manifestly nonrandom features also came 10 years
ago from a map of the World Wide Web (WWW)
(8), finding that the probability that a Web page
has exactly k links (in other words, degree k)
follows a power law distribution

P(k) ~ k-g (1)

a stunning departure from the Poisson distribu-
tion predicted by random network theory (1). Yet,
it was not until we realized that Eq. 1 character-
izes the network of actors linked by movies and
scientific papers linked by citations (9) that we

suspected that the scale-free property (6) might
not be unique to theWWW. The main purpose of
the 1999 Science paper was to report this
unexpected similarity between networks of quite
different nature and to show that twomechanisms,
growth and preferential attachment, are the
underlying causes (Fig. 1).

When we concluded in 1999 that we “expect
that the scale invariant state […] is a generic

property of many complex networks” (7), it was
more of a prediction than a fact, because nature
could have chosen as many different architec-
tures as there are networks. Yet, probably the
most surprising discovery of modern network
theory is the universality of the network topology:
Many real networks, from the cell to the Internet,
independent of their age, function, and scope,
converge to similar architectures. It is this uni-
versality that allowed researchers from different
disciplines to embrace network theory as a com-
mon paradigm.

Today, the scale-free nature of networks of
key scientific interest, from protein interactions to
social networks and from the network of inter-
linked documents that make up the WWW to the
interconnected hardware behind the Internet, has
been established beyond doubt. The evidence
comes not only from better maps and data sets
but also from the agreement between empirical
data and analytical models that predict the network
structure (10, 11). Yet, the early euphoria was not
without negative side effects, prompting some re-
searchers to label many systems scale-free, even
when the evidence was scarce at best. However,
the net result was to force us to better understand
the factors that shape network structure. For ex-

Pushing Networks to the Limit

Center for Complex Network Research, Department of Physics,
Biology, and Computer Science, Northeastern University, Boston,
MA 02115, USA. Department of Medicine, Harvard Medical
School and Center for Cancer Systems Biology, Dana Farber
Cancer Institute, Boston, MA 02115, USA. E-mail: alb@neu.edu

Fig. 1. The birth of a scale-free network. (Top and Middle) The simplest process that can produce a
scale-free topology was introduced a decade ago in (6), and it is illustrated in the top two rows. Starting
from three connected nodes (top left), in each image a new node (shown as an empty circle) is added to
the network. When deciding where to link, new nodes prefer to attach to the more connected nodes, a
process known as preferential attachment. Thanks to growth and preferential attachment, a rich-gets-richer
process is observed, which means that the highly connected nodes acquire more links than those that are less
connected, leading to the natural emergence of a few highly connected hubs. The node size, which was
chosen to be proportional to the node’s degree, illustrates the natural emergence of hubs as the largest
nodes. The degree distribution of the resulting network follows the power law (Eq. 1) with exponent g = 3.
See also movies S1 to S3. (Bottom) Illustration of the growth process in the co-authorship network of
physicists. Each node corresponds to an individual author, and two nodes are connected if they co-
authored a paper together. The four images show the network’s growth at 1-month time intervals,
indicating how the network expands in time, leading to the emergence of a clear hub. Once again, the
node size was chosen to be proportional to the node’s degree. [Credit: D. Wang and G. Palla]
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Scale-free network model

Barabasi & Albert, Science (1999)



Biological Networks
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Metabolic Networks



Citrate Cycle
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Bio-chemical 
reactions



Networks of chemical reactions

Metabolism: Sum of chemical processes by 

which energy is stored or released. Glycolysis pathway

Networks of Chemical Reactions



Visualization of Metabolic Pathways
Metabolic network visualization

Enzymes shown in 

blue, co-enzymes 

(small molecules 

necessary for 

enzyme activity) in 

red.

Double arrows 

mean reversible 

reactions.

Reactants, 

products in black,

box indicates that 

node appears in 

several locations.
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Metabolic Network
Nodes: chemicals (substrates)
Links: bio-chemical reactions                              

Metabolic Network
Nodes: chemicals (substrates)

Links: bio-chemical reactions     



Metabolic network

Organisms from all three domains of life are                                     
scale-free networks!

H. Jeong, B. Tombor, R. Albert, Z.N. Oltvai, and A.L. Barabasi, Nature, 407 651 (2000)

Archaea Bacteria Eukaryotes



Protein-Protein 
Interaction Networks



protein-protein 
interactions
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Protein-Protein 
Interactions

• Experimental

• Yeast two hybrid assay

• Protein tagging or immuno-precipitation 
coupled with mass spectrometry

• Computational prediction



Examples of Three-dimensional Protein 
Interactions and Complexes

TiBS (2003), 27(12), 633-638



Yeast Two-hybrid System

¨ Useful in the study of various interactions
¨ The technology was originally developed during the late 

1980's in the laboratory Dr. Stanley Fields (Fields and 
Song, Nature 1989). 



Yeast Two-hybrid System

GAL4 DNA-
binding 

domain 

GAL4 DNA-
activation 
domain

Nature, 2000



Topology of the protein network

H. Jeong, S.P. Mason, A.-L. Barabasi, Z.N. Oltvai, Nature 411, 41-42 (2001)

Nodes: proteins                         
Links: physical interactions-binding 



C. Elegans

Li et al. Science 2004

Drosophila 

Giot et al. Science 2003



Example of
Highly connected subnetwork

Li et al., Science 303, 5657 (2004)

C. elegans

Each “bait” protein can interact with 
a large number of “prey” proteins



A	  Possible	  Mechanism



Why Scale-Free Net?
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major engineer of the genomic landscape, it is likely to
be a key mechanism for generating the scale-free
topology.

Two further results offer direct evidence that net-
work growth is responsible for the observed topological
features. The scale-free model (BOX 2) predicts that the
nodes that appeared early in the history of the network
are the most connected ones15. Indeed, an inspection of
the metabolic hubs indicates that the remnants of the
RNA world, such as coenzyme A, NAD and GTP, are
among the most connected substrates of the metabolic
network, as are elements of some of the most ancient
metabolic pathways, such as glycolysis and the tricar-
boxylic acid cycle17. In the context of the protein interac-
tion networks, cross-genome comparisons have found
that, on average, the evolutionarily older proteins have
more links to other proteins than their younger coun-
terparts45,46. This offers direct empirical evidence for
preferential attachment.

Motifs, modules and hierarchical networks
Cellular functions are likely to be carried out in a highly
modular manner1. In general, modularity refers to a
group of physically or functionally linked molecules
(nodes) that work together to achieve a (relatively) dis-
tinct function1,6,8,47. Modules are seen in many systems,
for example, circles of friends in social networks or web-
sites that are devoted to similar topics on the World
Wide Web. Similarly, in many complex engineered sys-
tems, from a modern aircraft to a computer chip, a
highly modular structure is a fundamental design
attribute.

Biology is full of examples of modularity. Relatively
invariant protein–protein and protein–RNA complexes
(physical modules) are at the core of many basic biolog-
ical functions, from nucleic-acid synthesis to protein
degradation48. Similarly, temporally coregulated groups
of molecules are known to govern various stages of the
cell cycle49–51, or to convey extracellular signals in bacter-
ial chemotaxis or the yeast pheromone response path-
way. In fact, most molecules in a cell are either part of an
intracellular complex with modular activity, such as the
ribosome, or they participate in an extended (func-
tional) module as a temporally regulated element of a
relatively distinct process (for example, signal amplifica-
tion in a signalling pathway52).

To address the modularity of networks, tools and
measures need to be developed that will allow us not
only to establish if a network is modular, but also to
explicitly identify the modules and their relationships in
a given network.

High clustering in cellular networks. In a network repre-
sentation, a module (or cluster) appears as a highly
interconnected group of nodes. Each module can be
reduced to a set of triangles (BOX 1); a high density of tri-
angles is reflected by the clustering coefficient, C (REF. 33),
the signature of a network’s potential modularity 
(BOX 1). In the absence of modularity, the clustering coef-
ficient of the real and the randomized network are com-
parable. The average clustering coefficient, <C>, of

a

b

Proteins

1

2

Proteins

Genes

Genes

Before duplication

After duplication

Figure 3 | The origin of the scale-free topology and hubs
in biological networks. The origin of the scale-free topology
in complex networks can be reduced to two basic
mechanisms: growth and preferential attachment. Growth
means that the network emerges through the subsequent
addition of new nodes, such as the new red node that is added
to the network that is shown in part a. Preferential attachment
means that new nodes prefer to link to more connected nodes.
For example, the probability that the red node will connect to
node 1 is twice as large as connecting to node 2, as the
degree of node 1 (k1=4) is twice the degree of node 2 (k2=2).
Growth and preferential attachment generate hubs through a
‘rich-gets-richer’ mechanism: the more connected a node is,
the more likely it is that new nodes will link to it, which allows
the highly connected nodes to acquire new links faster than
their less connected peers. In protein interaction networks,
scale-free topology seems to have its origin in gene
duplication. Part b shows a small protein interaction network
(blue) and the genes that encode the proteins (green). When
cells divide, occasionally one or several genes are copied twice
into the offspring’s genome (illustrated by the green and red
circles). This induces growth in the protein interaction network
because now we have an extra gene that encodes a new
protein (red circle). The new protein has the same structure as
the old one, so they both interact with the same proteins.
Ultimately, the proteins that interacted with the original
duplicated protein will each gain a new interaction to the new
protein. Therefore proteins with a large number of interactions
tend to gain links more often, as it is more likely that they
interact with the protein that has been duplicated. This is a
mechanism that generates preferential attachment in cellular
networks. Indeed, in the example that is shown in part b it does
not matter which gene is duplicated, the most connected
central protein (hub) gains one interaction. In contrast, the
square, which has only one link, gains a new link only if the hub
is duplicated.

Gene duplication through evolution

Wagner 2001; Vazquez et al. 2003; Sole et al. 2001; Rzhetsky & Gomez 2001; 
Qian et al. 2001; Bhan et al. 2002.

Proteins with more interactions are more likely to obtain new links:
Π(k)~k        (preferential attachment)



Scale-‐Free	  Network

l Statistical	  abundance	  of	  “hubs”,	  P(k)	  follows	  a	  power-‐law	  
distribution

l Presence	  of	  few	  highly	  connected	  nodes	  well	  separated	  within	  
the	  network

l Robustness	  to	  damages,	  vulnerability	  to	  attacks

l Essential	  proteins	  è highly	  connected
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Attacks

R.	  Cohen	  et	  al.,	  PRL	  (2000)
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Highly connected proteins are more essential (lethal)...

H. Jeong, S.P. Mason, A.-L. Barabasi, Z.N. Oltvai, Nature 411, 41-42 (2001)

failure
attack

Yeast PPI network

Lethality & topological position 



PPI	  vs.	  Essential	  Genes

l Essential	  proteins	  have	  ca.	  twice	  as	  many	  links	  as	  non-‐
essential	  proteins.

Yu	  et	  al.,	  Trends	  Genet.	  20,	  227	  (2004)

Yeast



PPI	  vs.	  Essential	  Genes

lEssential	  proteins	  have	  a	  shallower	  slope	  → 
a	  larger	  proportion	  of	  them	  are	  hubs

Yeast

Yu	  et	  al.,	  Trends	  Genet.	  20,	  227	  (2004)



Higher connectivity of 
disease genes

2 MATERIALS AND METHODS

2.1 Sample preparation

Tissue biopsy samples were collected from five squamous cell lung cancer

patients undergoing surgical removal of tumor. Total RNA was doubly

extracted from these samples using TRIzol! reagent (Invitrogen, Carlsbad,
CA), following the manufacturer’s instructions (Chomczynski and Sacchi,

1987).

2.2 Microarray analysis

The double-extracted total RNA was submitted to our Institute’s core

microarray facility. cRNA samples were prepared and hybridized to the

array (Affymetrix" Hg-U133A!); its signals were then scanned using
the protocols suggested by the manufacturer.

Bioconductor (Dudoit et al., 2003), a biological data analysis package

based on R statistical programming language (Ihaka and Gentleman, 1996),

was used for array data analysis and integration with other gene annotations.
Robust microarray analysis (RMA) was used for normalization (Irizarry

et al., 2003). RMA-derived expression values were used for the rest of

the analysis (Galfalvy et al., 2003). Paired t-tests were used to distinguish

the genes in which expression levels in the cancer cells differed from the
paired normal lung tissue. Paired t-tests were possible because the control

samples were taken from the normal lung tissues of the same individuals

from whom the lung cancer samples were obtained.

2.3 Integration of array data to protein network

Online predicted human interaction database (OPHID, obtained on April 26,
2005) was used for the analysis of human protein interaction (Brown and

Jurisica, 2005). Briefly, OPHID contains 16 034 known human protein inter-

actions obtained from various public protein interaction databases, as well

as 23 889 additional protein interactions that are predicted.

Genes in the array were matched to those in OPHID using gene symbols
and protein sequences. In order to identify which genes in OPHID corres-

ponded to which genes listed in the array data, we have used the following

methods: (1) using the gene symbol that is directly indicated in the OPHID

protein database and (2) using FASTA program to compare the peptide
sequence of the OPHID protein to the peptide sequence of the array probe

targets (Pearson and Lipman, 1988). As a result, 2137 genes on the micro-

array were matched to the protein network from OPHID.

2.4 Connectivity analysis of protein interaction map

Analysis was conducted on the connectivity of genes in the protein inter-
action map. For each connectivity l, genes in the protein network with

exactly l links were selected (nl). From these genes, differentially expressed

genes (DEGs) were counted (n0l). The fraction n0l / nl was calculated (fraction
genes, or FG) for each connectivity. Pearson’s r was used to measure the
correlation between the FG and the connectivity. In order to determine the

significance of the correlation, the same number of genes that were differ-

entially expressed was randomly chosen from the protein interaction map.
Pearson’s r of each set of randomly sampled genes was compared against the

r obtained from DEGs to determine the likelihood that the correlation can

occur by chance.

2.5 k-core analysis of protein interaction map

k-core analysis is an iterative process in which the nodes are removed from

the graphs in order of least connected (Wuchty and Almaas, 2005). More
specifically, for each iteration of k, given the network from the previous

iteration, genes with less than k connections are removed from the graph.

This will result in a series of subgraphs that gradually reveal the globally

central region of the original network.

In order to measure the centrality of the selected set of genes, the excess

retention (ER) of the differentially expressed genes was calculated for each

k-core. ER is a measure of the degree to which proteins from a particular

group are represented relative to the entire protein network. The detailed

explanation of ER has been described elsewhere (Wuchty andAlmaas, 2005).

3 RESULTS

3.1 Expression profiles of lung cancer

To obtain a list of genes that are differentially expressed in cancer,
tissue samples from five patients with squamous cell carcinoma
(SCC) of the lung were collected. Additionally, an equal number
of normal tissues surrounding the tumor were collected from the
same patients for comparison. This control minimizes the effect of
variation in gene expression between the individuals, yielding a
more accurate characterization of the genes differentially expressed
in the disease.
Following the normalization of the array data from these samples,

genes that were consistently different from normal tissue (paired
t-test, P < 0.05) were selected as DEG. Furthermore, only the genes
that can be mapped to the existing protein network were chosen. As
a result, 360 DEGs were chosen as genes that were upregulated in
squamous carcinoma, whereas 270 DEGs were chosen as genes that
were downregulated in squamous carcinoma (see online supplement
for the list of genes). DEGs were subsequently mapped to protein
interaction maps for further analysis.

3.2 Topological analysis of lung cancer genes

In order to determine the topological features of the DEGs, the
edge distribution for DEGs was compared to the rest of the graph
(Section 2.4). We find that the genes that are upregulated in lung
cancer have a positive correlation with the number of edges asso-
ciated with them (Fig. 1a). This positive correlation indicates that
lung cancer DEGs that are upregulated are highly connected. Down-
regulated genes have a slightly lower, but positive correlation to
connectivity (Fig. 1b).
Because only a subset of genes in the graph is present on the

microarray that was used, bias of the selected DEGs is of concern.

Fig. 1. Correlation of connectivity (links) versus the fractions of select genes
with exactly l links. The genes with exactly l links were chosen from the

protein network, and then the fraction of selected genes from this subset was

calculated. (a) Upregulated genes (n! 360) in SCC of lung have Pearson’s r,
which demonstrates high positive correlation (r ! 0.82). (b) Downregulated
genes (n ! 270) in SCC have slightly less correlation (r ! 0.75). (c) Micro-

array probesets that match the genes in the protein network (n! 2137) show

no correlation to link number (r ! 0.06). Thus, using the genes on the
microarray does not contribute to bias in the number of links for genes

differentially expressed in SCC. (FG values of 1 and 0 are not excluded

for r values.)

S.Wachi et al.
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Wachi et al., Bioinformatics (2005) 21:4205

lung cancer



How to visualize and 
manipulate biological 

networks?
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Network Modeling



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



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)



Simple Example



Metabolic Networks



Kinetic Modeling of 
Biochemical Reactions

letters to nature
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which the network model exhibits the desired behaviour, given
realistic initial conditions?

Using only the solid lines in Box 1a we found no such parameter
sets despite extensive efforts. Most randomly chosen parameter sets
caused model components to oscillate strongly or caused some
components to be expressed ubiquitously while others were
repressed everywhere. Figure 1d shows the pattern most resembling
the target, obtained for around 1 in 3,000 randomly chosen

parameter sets from the initial pattern in Fig. 1b. No parameter
sets produced stable asymmetric patterns. We realized that if Wg is
the only input to en and Wg is secreted symmetrically from wg-
expressing cells, expression of en must be activated in all neigh-
bours. Similarly, as Hh signalling activates wg in neighbouring cells,
wg must be expressed on either side of en-expressing cells. Thus, the
solid connections in Box 1a cannot suffice to explain even the most
basic behaviour of the segment polarity network. There must be
both active repression of en in cells anterior to the wg-expressing
stripe and something that spatially biases the response of wg to Hh.
There is good evidence in Drosophila for wg autoactivation16, and
suggestive evidence that the Ci amino-terminal repressor fragment
may inhibit en17. We incorporated these two possible remedies first
(dashed lines, Box 1a). With these links installed there are many
parameter sets that enable the model to reproduce the target
behaviour, so many that they can be found easily by random
sampling.

Each parameter set for which the model mimics Fig. 1a we call a
‘solution’ to the problem posed. Among 240,000 randomly-chosen
parameter sets we found 1,192 solutions (!1 in 200). This is very
frequent; as this search involved 48 parameters, on average a
random choice of parameter value has roughly a 90% chance of
being compatible with the desired behaviour (0.948 is !1/200). This
holds even though most parameters range over several orders of
magnitude. For comparison, if the model tolerated variation in the
average parameter over 10% of its 100- or 1,000-fold range (a wildly
optimistic expectation for a human-engineered electronic circuit),
random search would find only one solution in 1048 samples.
Figure 1e shows the stable pattern evolved for one such set of
parameters from the pre-pattern in Fig. 1b. Clearly, under these
conditions, the network model produces a pattern comparable to
the target behaviour.

Figure 2a shows all 1,192 solutions found. Although some
parameters cluster more tightly than others, none are confined to
narrow sub-ranges. For each parameter, there is a solution for
essentially any value. Thus, the network’s ability to pass our test is
intrinsic to its topology rather than to a specific quantitative tuning.
There are so many diverse solutions that the notion of a globally
optimal parameter set makes no biological sense. For instance,
solutions for Wg diffusion rates (kMxferWG, Fig. 2a) range over three
orders of magnitude, from values allowing very little Wg traffic to
values for which Wg diffuses rapidly across the segment.

To assess sensitivity to variation in individual parameters, we
took parameter sets known to produce the desired behaviour and
varied one parameter while holding all others fixed. In most cases,
the model tolerates tenfold or more variation in the values of
individual parameters (Fig. 3). In parameter space, abrupt transi-
tions delineate zones within which the model behaves as desired
from zones of qualitatively different behaviour. The canyons of
working territory are sometimes narrow, but more often broad; the
model often performs equivalently despite 100- or 1,000-fold
variation in the value of some of the parameters. Thus, not only
does the network topology embody many different solutions, but
most solutions are highly robust to variation in individual
parameter values.

Aside from patterns like Fig. 1e, the model has a complex
repertoire, selected by initial conditions and parameter values. Many
randomly sampled parameter sets lead to ubiquitous expression of
some subset of model components and global repression of others.
About 1 in 700 random sets evolves the degenerate pattern in Fig. 1d
for the pre-pattern in Fig. 1b. Among the most common degenerate
patterns are a one-cell-wide wg stripe overlayed by a three-cell-wide
en strip, and a stripe of en-expressing cells surrounded by wg-
expressing cells (!1 in 70 randomly chosen parameter sets each);
the former pattern results for inadequate en repression and the latter
from excessively avid wg autoactivation. Non-degenerate patterns
include en and wg expressed in the same one-cell-wide stripe (!1 in

Box 1
A simple continuous dynamical model of the segment polarity
gene network

a, Interactions among products of the five genes in our model: WG,
wingless; EN, engrailed; HH, hedgehog; CID, cubitus interruptus (whole
protein); CN, repressor fragment of cubitus interruptus; PTC, patched;
PH, patched–hedgehog complex. Dashed lines were added according
to the insufficiencies of the bold lines alone. Ellipses, mRNAs; rectangles,
proteins; arrows, positive interactions; circles, negative interactions. ci is
basally expressed (+ in rhombus). b, Examples of differential equations
constituting our model. These simplified dimensional-form equations
govern dynamics of hedgehog mRNA, protein and the Ptc-Hh complex;
several terms (hh repression by CN, transport fluxes) have been left out
for clarity. See Supplementary information for further details. c, Simple
dose–response curve governing transcriptional activation (brackets in b),
illustrating parameterization of the model. Transcription rate saturates
because of inherent limits on how fast RNA polymerase can move (Tmax)
multiplied by a gene-specific efficiency parameter (rhh). for every
monotonic regulator there is some concentration at which it has a half-
maximal effect on its target (kENhh). Each such interaction may exhibit non-
linearity (nENhh). In the case of cooperative binding, n is equivalent to a Hill
coefficient.
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GeneNetwork
an interactive tool for reconstruction of genetic networks using microarray data

Bioinformatics (2004) 20, 3691-3
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Subgraphs and Motifs

¨ 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
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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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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
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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
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©
20

04
 N

at
ur

e 
Pu

bl
is

hi
ng

 G
ro

up
  h

ttp
://

w
w

w
.n

at
ur

e.
co

m
/n

at
ur

eg
en

et
ic

s

Zaslaver et al. Nat. Genet. (2004) 36:486-91

Just-in-time transcription program 
in metabolic pathways

E. coli arginine biosynthesis 
pathway

transcriptional 
regulatory network

letter

64 nature genetics • volume 31 • may 2002
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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.
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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
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(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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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.

XhoI BamHIXhoI BamHI

pUA66 pUAL94

10–2

Absorbance on day 1 

Ab
so

rb
an

ce
 o

n 
da

y 
2

10–1 1
10–2

10–1

1

x2

x0.5

x1.1
x0.9

GFP on day 1 

G
FP

 o
n 

da
y 

2

103

104

105

103 104 105

x2

x0.5
x1.1

x0.9

Pro
mo
ter

Pro
mo
ter

K
an

r

K
an

r

SC101 SC101

GFPmut2

LuxCDABE

a

b c

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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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

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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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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Motif Profiles – Superfamilies of Networks

Milo et al. Science (2004) 303:1538-42



Clique

• What’s a clique (complete graph)? 

• Any biological significance of cliques in PIN?
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Larger Cliques Tend to Be More Essential
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