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Model Organism

• Escherichia coli K-12
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E. coli Systems Biology 

Gene disruption Gene Function

DNA microarray
Protein array etc.

Gene network
Protein-protein interaction

Bioinformatics Analysis, Prediction

Clones Molecular mechanism

Escherichia coli

Toward complete understanding a cell

Complete 
genome sequence

Fundamental knowledge



What’s Essential Gene?

• An essential gene is one, when knocked 
out, renders the cell un-viable



Experimental Design
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Growth of Deletion Mutants
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Gene Knock-Out Results

Molecular Systems Biology, 2, (2006)

Gene Knock-Out Results
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Essential Genes
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Essential Genes
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➾ Minimum Genome!?

Construction of minimal genome

165 kb

121 kb111 kb

95 kb

76 kb

68 kb

64 kb

Synthetic lethal ?

284 genes

Non-essential gene：4126
Essential gene：303

128 regions; 3,243 kb
(70% of genome)

18 regions; 304 kb
(7% of genome)



Why “Essential”?

• From aspects at Systems level

• From the Network point of view

• Protein-protein interaction network

• Metabolic network



From DNA to Life
Basics of Biology

U.S. Department of Energy



Protein Interaction 
Network



Experimental Design
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Cell growth

IPTG induction

Sonication

Affinity purification by Ni2+-NTA
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Experimental Measurements

Fail to be purified

Success to be purified
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E. coli Protein Interaction Network

Non-essential genes

Essential genes

Interaction

Interaction w/ ess. genes

Genome Res. 16, 686-91 (2006)



Network Analysis
Topological Properties

• Degree (connectivity)

• Number of links 
from the node to 
others

• Clustering coefficient

• Connectivity 
between neighbors

YEAST TWO-HYBRID SCREEN

A genetic approach for the
identification of potential
protein–protein interactions.
Protein X is fused to the 
site-specific DNA-binding
domain of a transcription 
factor and protein Y to its
transcriptional-activation
domain — interaction between
the proteins reconstitutes
transcription-factor activity and
leads to expression of reporter
genes with recognition sites for
the DNA-binding domain.
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Box 1 | Network measures 

Network biology offers a quantifiable description of the networks
that characterize various biological systems. Here we define the
most basic network measures that allow us to compare and
characterize different complex networks.

Degree 
The most elementary characteristic of a node is its degree (or
connectivity), k, which tells us how many links the node has to other
nodes. For example, in the undirected network shown in part a of
the figure, node A has degree k = 5. In networks in which each link
has a selected direction (see figure, part b) there is an incoming
degree, kin, which denotes the number of links that point to a node,
and an outgoing degree, kout, which denotes the number of links that
start from it. For example, node A in part b of the figure has kin = 4
and kout = 1. An undirected network with N nodes and L links is
characterized by an average degree  <k> = 2L/N (where <> denotes
the average).

Degree distribution
The degree distribution, P(k), gives the probability that a selected
node has exactly k links. P(k) is obtained by counting the number 
o f nodes N(k) with k = 1, 2… links and dividing by the total
number of nodes N. The degree distribution allows us to distinguish
between different classes of networks. For example, a peaked degree
distribution, as seen in a random network (BOX 2), indicates that the
system has a characteristic degree and that there are no highly
connected nodes (which are also known as hubs). By contrast, a
power-law degree distribution indicates that a few hubs hold
together numerous small nodes (BOX 2).

Scale-free networks and the degree exponent 
Most biological networks are scale-free, which means that their degree distribution approximates a power law, P(k) ~ k –!,
where ! is the degree exponent and ~ indicates ‘proportional to’. The value of ! determines many properties of the
system. The smaller the value of !, the more important the role of the hubs is in the network. Whereas for !>3 the hubs
are not relevant, for 2> !>3 there is a hierarchy of hubs, with the most connected hub being in contact with a small
fraction of all nodes, and for != 2 a hub-and-spoke network emerges, with the largest hub being in contact with a large
fraction of all nodes. In general, the unusual properties of scale-free networks are valid only for !<3, when the dispersion
of the P(k) distribution, which is defined as "2 = <k2> – <k>2, increases with the number of nodes (that is," diverges),
resulting in a series of unexpected features, such as a high degree of robustness against accidental node failures71. For
!>3, however, most unusual features are absent, and in many respects the scale-free network behaves like a random one.

Shortest path and mean path length 
Distance in networks is measured with the path length, which tells us how many links we need to pass through to travel
between two nodes. As there are many alternative paths between two nodes, the shortest path — the path with the
smallest number of links between the selected nodes — has a special role. In directed networks, the distance !AB from
node A to node B is often different from the distance !BA from B to A. For example, in part b of the figure, !BA = 1,
whereas !AB = 3. Often there is no direct path between two nodes. As shown in part b of the figure, although there is a
path from C to A, there is no path from A to C. The mean path length, <! >, represents the average over the shortest
paths between all pairs of nodes and offers a measure of a network’s overall navigability.

Clustering coefficient
In many networks, if node A is connected to B, and B is connected to C, then it is highly probable that A also has a direct
link to C. This phenomenon can be quantified using the clustering coefficient33 CI = 2nI/k(k–1), where nI is the number
of links connecting the kI neighbours of node I to each other. In other words, CI gives the number of ‘triangles’ (see BOX 3)
that go through node I, whereas kI(kI –1)/2 is the total number of triangles that could pass through node I, should all of
node I’s neighbours be connected to each other. For example, only one pair of node A’s five neighbours in part a of the
figure are linked together (B and C), which gives nA = 1 and CA = 2/20. By contrast, none of node F’s neighbours link to
each other, giving CF = 0. The average clustering coefficient, <C>, characterizes the overall tendency of nodes to form
clusters or groups.An important measure of the network’s structure is the function C(k), which is defined as the average
clustering coefficient of all nodes with k links. For many real networks C(k) ~ k – 1, which is an indication of a network’s
hierarchical character47,53 (see BOX 2).

The average degree <k>, average path length <! > and average clustering coefficient <C> depend on the number of
nodes and links (N and L) in the network. By contrast, the P(k) and C(k) functions are independent of the network’s size
and they therefore capture a network’s generic features, which allows them to be used to classify various networks.
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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

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
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connected actors are more likely to be
chosen for new roles. On the Internet the
more connected routers, which typically
have greater bandwidth, are more desir-
able for new users. In the U.S. biotech in-
dustry, well-established companies such as
Genzyme tend to attract more alliances,
which further increases their desirability
for future partnerships. Likewise, the
most cited articles in the scientific litera-
ture stimulate even more researchers to
read and cite them, a phenomenon that
noted sociologist Robert K. Merton
called the Matthew effect, after a passage
in the New Testament: “For unto every
one that hath shall be given, and he shall
have abundance.”

These two mechanisms—growth and
preferential attachment—help to explain
the existence of hubs: as new nodes ap-
pear, they tend to connect to the more
connected sites, and these popular loca-
tions thus acquire more links over time
than their less connected neighbors. And
this “rich get richer” process will gener-
ally favor the early nodes, which are more
likely to eventually become hubs.

Along with Réka Albert, we have used
computer simulations and calculations to
show that a growing network with pref-
erential attachment will indeed become
scale-free, with its distribution of nodes
following a power law. Although this the-
oretical model is simplistic and needs to
be adapted to specific situations, it does
appear to confirm our explanation for

why scale-free networks are so ubiquitous
in the real world.

Growth and preferential attachment
can even help explicate the presence of
scale-free networks in biological systems.
Andreas Wagner of the University of
New Mexico and David A. Fell of Oxford
Brookes University in England have
found, for instance, that the most-con-
nected molecules in the E. coli metabolic
network tend to have an early evolution-
ary history: some are believed to be rem-
nants of the so-called RNA world (the
evolutionary step before the emergence of
DNA), and others are components of the
most ancient metabolic pathways.

Interestingly, the mechanism of pref-
erential attachment tends to be linear. In
other words, a new node is twice as like-
ly to link to an existing node that has
twice as many connections as its neigh-
bor. Redner and his colleagues at Boston
University and elsewhere have investigat-
ed different types of preferential attach-
ment and have learned that if the mecha-
nism is faster than linear (for example, a
new node is four times as likely to link to

an existing node that has twice as many
connections), one hub will tend to run
away with the lion’s share of connections.
In such “winner take all” scenarios, the
network eventually assumes a star topol-
ogy with a central hub. 

An Achilles’ Heel
AS HUMANITY BECOMES increasing-
ly dependent on power grids and com-
munications webs, a much-voiced con-
cern arises: Exactly how reliable are these
types of networks? The good news is that
complex systems can be amazingly re-
silient against accidental failures. In fact,
although hundreds of routers routinely
malfunction on the Internet at any mo-
ment, the network rarely suffers major
disruptions. A similar degree of robust-
ness characterizes living systems: people
rarely notice the consequences of thou-
sands of errors in their cells, ranging from
mutations to misfolded proteins. What is
the origin of this robustness? 

Intuition tells us that the breakdown
of a substantial number of nodes will re-
sult in a network’s inevitable fragmenta-
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BIRTH OF A SCALE-FREE NETWORK
A SCALE-FREE NETWORK grows incrementally from two to 11 nodes in this example. When deciding where to establish a link, a new node
(green) prefers to attach to an existing node (red) that already has many other connections. These two basic mechanisms—growth
and preferential attachment—will eventually lead to the system’s being dominated by hubs, nodes having an enormous number of links.

ALBERT-LÁSZLÓ BARABÁSI and ERIC BONABEAU study the behavior and characteristics of
myriad complex systems, ranging from the Internet to insect colonies. Barabási is Emil T.
Hofman Professor of Physics at the University of Notre Dame, where he directs research
on complex networks. He is author of Linked: The New Science of Networks. Bonabeau is
chief scientist at Icosystem, a consulting firm based in Cambridge, Mass., that applies the
tools of complexity science to the discovery of business opportunities. He is co-author of
Swarm Intelligence: From Natural to Artificial Systems. This is Bonabeau’s second article
for Scientific American.
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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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“Statistical mechanics of complex networks” 
Review of Modern Physics 74, 47-97 (2002)



Network Biology

Reductionism, which has dominated biological research
for over a century, has provided a wealth of knowledge
about individual cellular components and their func-
tions. Despite its enormous success, it is increasingly
clear that a discrete biological function can only rarely
be attributed to an individual molecule. Instead, most
biological characteristics arise from complex interac-
tions between the cell’s numerous constituents, such as
proteins, DNA, RNA and small molecules1–8. Therefore,
a key challenge for biology in the twenty-first century is to
understand the structure and the dynamics of the com-
plex intercellular web of interactions that contribute to
the structure and function of a living cell.

The development of high-throughput data-collection
techniques, as epitomized by the widespread use of
microarrays, allows for the simultaneous interrogation 
of the status of a cell’s components at any given time.
In turn, new technology platforms, such as PROTEIN CHIPS

or semi-automated YEAST TWO-HYBRID SCREENS, help to deter-
mine how and when these molecules interact with each
other. Various types of interaction webs, or networks,
(including protein–protein interaction, metabolic, sig-
nalling and transcription-regulatory networks) emerge
from the sum of these interactions. None of these net-
works are independent, instead they form a ‘network of
networks’ that is responsible for the behaviour of the
cell. A major challenge of contemporary biology is to
embark on an integrated theoretical and experimental 

programme to map out, understand and model in quan-
tifiable terms the topological and dynamic properties of the
various networks that control the behaviour of the cell.

Help along the way is provided by the rapidly develop-
ing theory of complex networks that, in the past few
years, has made advances towards uncovering the orga-
nizing principles that govern the formation and evolution
of various complex technological and social networks9–12.
This research is already making an impact on cell biology.
It has led to the realization that the architectural features
of molecular interaction networks within a cell are shared
to a large degree by other complex systems, such as the
Internet, computer chips and society. This unexpected
universality indicates that similar laws may govern most
complex networks in nature, which allows the expertise
from large and well-mapped non-biological systems to be
used to characterize the intricate interwoven relationships
that govern cellular functions.

In this review, we show that the quantifiable tools of
network theory offer unforeseen possibilities to under-
stand the cell’s internal organization and evolution,
fundamentally altering our view of cell biology. The
emerging results are forcing the realization that, not-
withstanding the importance of individual molecules,
cellular function is a contextual attribute of strict 
and quantifiable patterns of interactions between the
myriad of cellular constituents. Although uncovering
the generic organizing principles of cellular networks

NETWORK BIOLOGY:
UNDERSTANDING THE CELL’S
FUNCTIONAL ORGANIZATION
Albert-László Barabási* & Zoltán N. Oltvai‡

A key aim of postgenomic biomedical research is to systematically catalogue all molecules and
their interactions within a living cell. There is a clear need to understand how these molecules and
the interactions between them determine the function of this enormously complex machinery, both
in isolation and when surrounded by other cells. Rapid advances in network biology indicate that
cellular networks are governed by universal laws and offer a new conceptual framework that could
potentially revolutionize our view of biology and disease pathologies in the twenty-first century.

PROTEIN CHIPS

Similar to cDNA microarrays,
this evolving technology
involves arraying a genomic set
of proteins on a solid surface
without denaturing them. The
proteins are arrayed at a high
enough density for the 
detection of activity, binding 
to lipids and so on.
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Topological Properties
Protein Interaction Network

Essential Non-ess. p-value

< degree > 17.97 6.67 <10-9

< clust. coeff.> 0.058 0.064 0.081

< chr. path length > 3.235 3.376 <10-16

diameter 8 9 -

< btw. centrality > 0.00251 0.00063 <10-4

Wilcoxon rank sum test



Topological Properties
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Protein Interaction Network

• Protein network of E. coli is also scale-free

• Essential genes have a shallower slope
➠ larger proportion of them are hubs

• Essential genes have more than twice links 

• Validating earlier finding in yeast

• Characteristic path length is smaller;
Betweenness centrality is larger



Yeast
• Essential proteins have ca. twice as many 

links as non-essential proteins

• Essential proteins have a shallower slope

• Difference in clustering coefficients

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

networks. In particular, proteins with a greater
degree of marginal essentiality tend to be network
hubs (i.e. with many interactions) and tend to have
a shorter characteristic path length to their neigh-
bors. We extend our network analysis to encom-
pass transcriptional regulatory networks. Although
transcription factors with many targets tend to be
essential, surprisingly, we find that genes that are
regulated by many transcription factors are usually
not essential.

The functional significance of a gene, at its most basic
level, is defined by its essentiality. In simple terms, an
essential gene is one that, when knocked out, renders
the cell unviable. Nevertheless, non-essential genes can
be found to be synthetically lethal (i.e. cell death
occurs when a pair of non-essential genes is deleted
simultaneously). Because essentiality can be deter-
mined without knowing the function of a gene
(e.g. random transposon mutagenesis [1,2] or gene-
deletion [3]), it is a powerful descriptor and starting
point for further analysis when no other information is
available for a particular gene.

Although the definition of essentiality is not novel,
Thatcher et al. recently introduced the ‘marginal
benefit’ hypothesis [4]. It states that many non-
essential genes make significant but small contri-
butions to the fitness of the cell although the effects
might not be sufficiently large to be detected by
conventional methods. In this article, we define
systematically ‘marginal essentiality’ (M) as a quanti-
tative measure of the importance of a non-essential
gene to a cell. Our measure incorporates the results
from a diverse set of four large-scale knockout
experiments that examined different aspects of the
impact of a protein on cell fitness. These four exper-
iments measure the effect of a particular knockout on: (i)
growth rate [5]; (ii) phenotypes under diverse environ-
ments [2]; (iii) sporulation efficiency [6]; and
(iv) sensitivity to small molecules [7]. These datasets
are the only available large-scale knockout analyses
for yeast. (There are several other smaller datasets
[8–12] that have data only on a small fraction of the
genome and were therefore not suitable for our
analysis.)

Protein networks are characterized by four major
topological characteristics: degree [number of links per
node !K"], clustering coefficient !C"; characteristic path
length [average distance between nodes !L"] and
diameter [maximum inter-node distance !D"; Figure 1a
and supplementary material online] [13–16]. It has
been shown that some protein networks follow power-
law distributions [17,18] – that is they consist of many
interconnecting nodes, a few of which have unchar-
acteristically high degrees (hubs). In addition, power-
law distributions can be characterized as scale-free –
that is the possibility for a node to have a certain
number of links does not depend on the total number of
nodes within the network (i.e. the scale of the
network). Scale-free networks provide stability to the
cell because many non-hub (i.e. leaf) genes can be

disabled without greatly affecting the viability of the
cell [18].

Recently, Jeong et al. focused on the relationship
between hubs and essential genes and determined that
hubs tend to be essential [19]. Fraser et al. also
observed that the effect of an individual protein on cell
fitness correlates with the number of its interaction
partners [20]. In this article, we extended the previous

Figure 1. (a) Schematic illustration of the diameter of a sub-network. In an undir-
ected network, the diameter of the essential protein network (shown by the red
line) is the maximum distance between any two essential proteins. The path can
go through non-essential proteins but has to start and end at essential proteins;
the same conditions apply to the non-essential protein network. (b) A comparison
of key topological characteristics. The values of different characteristics for essen-
tial, synthetic lethal and non-essential proteins are given in the table together with
the P-values, which measure the statistical significance of the difference between
the values for essential and non-essential proteins. The values are calculated as
described in the supplementary materials online. P-values are calculated using
non-parametric Mann-Whitney U-tests. (c) A comparison of power-law distri-
butions. The plot is on a log–log scale. The regression equations (y) and corre-
lation coefficients (R) are given close to the corresponding lines in the figure.
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Essential protein

Non-essential protein

(a) Schematic illustration of the network

(b) Comparison of key topological statistics

Essential 18.7 0.182 3.84 10

Synthetic lethal 9.2 0.083 4.24 10
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networks. In particular, proteins with a greater
degree of marginal essentiality tend to be network
hubs (i.e. with many interactions) and tend to have
a shorter characteristic path length to their neigh-
bors. We extend our network analysis to encom-
pass transcriptional regulatory networks. Although
transcription factors with many targets tend to be
essential, surprisingly, we find that genes that are
regulated by many transcription factors are usually
not essential.

The functional significance of a gene, at its most basic
level, is defined by its essentiality. In simple terms, an
essential gene is one that, when knocked out, renders
the cell unviable. Nevertheless, non-essential genes can
be found to be synthetically lethal (i.e. cell death
occurs when a pair of non-essential genes is deleted
simultaneously). Because essentiality can be deter-
mined without knowing the function of a gene
(e.g. random transposon mutagenesis [1,2] or gene-
deletion [3]), it is a powerful descriptor and starting
point for further analysis when no other information is
available for a particular gene.

Although the definition of essentiality is not novel,
Thatcher et al. recently introduced the ‘marginal
benefit’ hypothesis [4]. It states that many non-
essential genes make significant but small contri-
butions to the fitness of the cell although the effects
might not be sufficiently large to be detected by
conventional methods. In this article, we define
systematically ‘marginal essentiality’ (M) as a quanti-
tative measure of the importance of a non-essential
gene to a cell. Our measure incorporates the results
from a diverse set of four large-scale knockout
experiments that examined different aspects of the
impact of a protein on cell fitness. These four exper-
iments measure the effect of a particular knockout on: (i)
growth rate [5]; (ii) phenotypes under diverse environ-
ments [2]; (iii) sporulation efficiency [6]; and
(iv) sensitivity to small molecules [7]. These datasets
are the only available large-scale knockout analyses
for yeast. (There are several other smaller datasets
[8–12] that have data only on a small fraction of the
genome and were therefore not suitable for our
analysis.)

Protein networks are characterized by four major
topological characteristics: degree [number of links per
node !K"], clustering coefficient !C"; characteristic path
length [average distance between nodes !L"] and
diameter [maximum inter-node distance !D"; Figure 1a
and supplementary material online] [13–16]. It has
been shown that some protein networks follow power-
law distributions [17,18] – that is they consist of many
interconnecting nodes, a few of which have unchar-
acteristically high degrees (hubs). In addition, power-
law distributions can be characterized as scale-free –
that is the possibility for a node to have a certain
number of links does not depend on the total number of
nodes within the network (i.e. the scale of the
network). Scale-free networks provide stability to the
cell because many non-hub (i.e. leaf) genes can be

disabled without greatly affecting the viability of the
cell [18].

Recently, Jeong et al. focused on the relationship
between hubs and essential genes and determined that
hubs tend to be essential [19]. Fraser et al. also
observed that the effect of an individual protein on cell
fitness correlates with the number of its interaction
partners [20]. In this article, we extended the previous

Figure 1. (a) Schematic illustration of the diameter of a sub-network. In an undir-
ected network, the diameter of the essential protein network (shown by the red
line) is the maximum distance between any two essential proteins. The path can
go through non-essential proteins but has to start and end at essential proteins;
the same conditions apply to the non-essential protein network. (b) A comparison
of key topological characteristics. The values of different characteristics for essen-
tial, synthetic lethal and non-essential proteins are given in the table together with
the P-values, which measure the statistical significance of the difference between
the values for essential and non-essential proteins. The values are calculated as
described in the supplementary materials online. P-values are calculated using
non-parametric Mann-Whitney U-tests. (c) A comparison of power-law distri-
butions. The plot is on a log–log scale. The regression equations (y) and corre-
lation coefficients (R) are given close to the corresponding lines in the figure.
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Metabolic Network



Essential Genes

• 153 essential genes as enzymes in 
metabolic reactions

• KEGG w/ new annotation

153
303

Ess. genes w/ EC

in Metabolic Pathways

Nucl.  Acid Res.,  2006



Essential Genes

• Large portion of essential genes are 
unique  enzymes in metabolic reactions

• Essential genes tend to be un-replaceable  
edges and nodes

in Metabolic Pathways

Essential Non-ess.

Unique enzyme 88.8% 51.6%

Unique products 9.3% 6.5%



Frequency of counts of compunds & reactions in 

E.coli
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Analysis of “Affected” Network 
by Gene Deletion



Frequency counts of affected substrates 

Nonessential deletion

y = 444.61x-2.2818
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Essential deletion
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• Affected number of metabolites by deletion of essential 
genes is significantly higher.



Frequency counts of affected reactions 

Nonessential deletion

y = 961.82x-1.9949
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Essential deletion
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• Affected number of metabolic reactions by 
deletion of essential genes also tend to be higher.



Summary

• Essential genes have significantly more links 
than the non-essential genes in protein 
interaction network

• Essential genes tend to be unreplaceable in 
metabolic network

• Affected metabolites and reactions by in 
silico deletion of essential genes are 
significantly higher than non-ess.



Outlook

• More topological properties investigated

• Evolutionary roles of essential genes

• Flux balance analysis for metabolic network

• Relationship to gene expression profiles

• Development of prediction method
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Thank YOU!
Story continued ...


