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Numerous studies in both prokaryotes and eukaryotes have shown that,
under standard growth conditions, less than 20% of the protein-coding
genes are essential for survival. This suggests that biological systems have
evolved to have a high degree of robustness to mutational disruptions that
can affect the majority of their genes. This mutational robustness could arise
either due to redundancy, i.e. direct backup, or due to distributed
architecture, i.e. indirect backup where multiple genes contribute to the
functioning of a process in the system. Despite clear evidence for direct
backup, the prevalence of indirect backup is poorly understood. In this
study, we reveal the existence of a hidden distributed architecture behind
the scale-free transcriptional regulatory network of yeast by applying a
unique network transformation procedure and show that the network is
tolerant even to mutations that disrupt regulatory hubs. Contrary to what is
generally accepted, our observation that hubs can be lost or replaced in
evolution suggests that this hidden distributed architecture behind scalefree networks protects the overall transcriptional program of the organism
from mutations affecting major regulatory hubs. We show that the
distributed architecture has been provided by an unexpectedly large
number of coordinating partners for any regulatory protein. On the basis of
these findings, we propose that the existence of such architecture can allow
organisms to explore the adaptive landscape in changing environments by
providing the plasticity required to reprogram levels of expression of
specific genes that may enhance survival. Thus, an ‘‘over-engineered’’
backup system in the form of distributed architecture is likely to be a major
determinant of the ‘‘evolvability’’ of the gene expression in organisms faced
with environmental diversity.
© 2006 Elsevier Ltd. All rights reserved.
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Introduction
Several studies in both eukaryotes1–5 and prokaryotes6–8 suggest that, under standard growth conditions, more than 80% of the protein-coding genes
are not essential for their survival. While a subset of
the non-essential genes may be required for specialized conditions, various studies have demonstrated
that a major fraction of the non-essential genes may
be inherently backed up in cellular systems. 9
Moreover, in both prokaryotes and eukaryotes,
which are at a similar level of organizational
complexity, there can be large differences in the
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number of genes encoded,10,11 implying that biological systems have a relatively small core of
absolutely essential genes, and a much larger
population of genes that might be individually
dispensable. This suggests that biological systems
might have evolved to have a high degree of
robustness to mutations that disrupt gene function.
Earlier studies on mutational robustness have
argued that this phenomenon arises either due to
redundancy or distributed robustness. 9 In the
former case, a system maybe unaffected upon
removal of a gene as a duplicate or a functionally
equivalent gene can compensate directly for the
affected gene. In the latter case, different genes with
distinct roles work together to form a functional
system; hence, disruption of a gene in such a system
is compensated indirectly by unrelated genes
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participating in the functioning of the system. The
latter case differs from the former due to the indirect
nature of the backup arising as a result of
cooperative interactions among the genes in the
system. The first phenomenon, redundancy, is very
tangible and has been measured in terms of genes
with overlapping functions, i.e. gene duplicates
(paralogs) and analogous proteins.12–17 However,
the role of distributed robustness remains poorly
understood.9 Earlier studies on mutational robustness have concentrated primarily on individual
genes, or on a set of genes that act in the same
functional pathway. 9,18–21 Even though further
studies have addressed the role of redundancy9,12,22,23 in various molecular interaction networks, including protein regulatory networks,
very few studies have investigated the collective
properties of real biological networks, which are
required to evaluate the significance of concepts like
distributed robustness. In this context, the technological advances in high-throughput genomics and
proteomics place us in a unique position to
reconstruct the interaction network of most genes,
and to study them as an integrated system rather
than in isolation or as a small group of interacting
proteins.24–27
Production of proteins in a cell is regulated
primarily at the level of transcription, where a
subset of regulatory proteins, the DNA-binding
transcription factors, bind to specific sequences on
the DNA associated with a gene and either activate
or repress its expression. In this work, we compiled
the most comprehensive regulatory network of
transcription factors and their target genes in the
model yeast Saccharomyces cerevisiae from various
sources. In this transcriptional network, also re-
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ferred to as the protein regulatory network, nodes
denote either transcription factors or target genes
and the links represent direct transcriptional regulatory interactions.28 The network, which represents
the blueprint for the control of gene expression in
yeast, consisted of 12,873 regulatory interactions
between 157 DNA-binding transcription factors and
4410 target genes, and is one of the largest
assembled regulatory networks for any organism.
We investigated the inherent structural properties
of this transcriptional network to uncover any
possible role for distributed robustness arising
from cooperative functional interactions between
transcription factors. We show that a specific
network transformation procedure provides convincing evidence for the presence of an inherent
distributed robustness in the transcriptional regulatory network hidden behind it's scale-free structure.

Results and Discussion
Paradoxical observations on the yeast
transcriptional regulatory network
Very few regulatory hubs are essential for viability
It is now known that networks with different
topology have very different properties, and their
structure provides insights into their robustness, i.e.
their ability to function in the face of disruption of
their nodes.29 Previous theoretical studies have
shown that networks with a power-law-like degree
distribution (Figure 1(a)) are tolerant to random
removal of nodes, but are particularly vulnerable to
targeted removal of hubs. 29 On the contrary,

Figure 1. A diagram of networks with different topologies. (a) A network with a decentralized architecture shows a
power-law behavior (inhomogeneous distribution) in the degree distribution. Networks with such behavior are robust to
random removal of nodes, but are vulnerable to targeted attacks of hubs. (b) A network with a distributed architecture
shows a peaked behavior (homogeneous distribution) in the degree distribution. Such networks are tolerant to removal of
highly connected proteins, but are sensitive to random removal of a large fraction of nodes.
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networks that are homogeneously wired (Figure 1
(b)) are sensitive to random removal of a large
fraction of nodes, but are robust to targeted attacks
of the most highly connected nodes. This feature is
attributed to their distributed architecture.29
The connectivity distribution of the compiled
transcriptional regulatory network was best approximated by a power-law equation, suggesting that it
resembles a scale-free network (Figure 3(a)). This
suggested that they might withstand disruption of
transcription factors that regulate a few genes, but
could be vulnerable to disruption of regulatory
hubs. It should be noted, however, that not all
networks with power-law degree distribution are
vulnerable to removal of hubs, as was shown
recently by Doyle et al.30 and Li et al.31†. Hence,
we assessed this possibility through direct computational simulations (see below). We defined the
hubs in this network as the transcription factors that
had 150 or more target genes, as this constituted the
top 20% of the transcription factors with a high
number of interactions in the network. It is
interesting to note that these hubs account for
more than half the regulatory interactions in the
network. To test if the organism is really vulnerable
to disruptions of regulatory hubs, we checked if
transcription factors that are regulatory hubs are
essential for survival. By integrating gene essentiality data3,5 with the transcriptional network, we
observed that only nine of the 157 DNA-binding
transcription factors are essential for survival.
Surprisingly, we found that only five of the 33
regulatory hubs are essential. These include the
heat-shock response transcription factor Hsf1p, and
the autonomous replication site-binding factor,
Abf1p. In fact, 28 of the 33 global regulators, such
as Cin5p and Tos8p that regulate 251 and 248 target
genes, are not essential for the survival of the
organism. Our results are consistent with studies
conducted recently on much smaller networks of
yeast.31,32 This observation implied that organisms
can tolerate mutations that disrupt many of their
regulatory hubs in the transcriptional network
under standard laboratory growth conditions. To
assess the essentiality of hubs in different conditions,
we used the dataset made available by Dunn et al. in
the yeast genome consortium website‡. In their
study, the authors monitored the viability of
deletion mutants under five different conditions in
this study. This showed that almost no regulatory
hub, except Aft2p (a regulator of genes involved in
iron homeostasis), was essential under all conditions, suggesting that even the essential hubs are
largely condition-specific.33 Importantly, we found
that there is no enrichment for hubs to be more
essential than non-hubs, even under specific conditions. For instance 12 of the 33 regulatory hubs
(∼1/3) were essential in at least one of the five
† http://arxiv.org/abs/cond-mat/0501169
‡ http://sgdlite.princeton.edu/download/yeast_datasets/
phenotypes/footprinting/growthScores.tab

conditions; this fraction is comparable to our
observation that 37 of the 124 non-hub transcription
factors (∼1/3 of all non-hub transcription factors)
are essential under at least one of the five conditions.
To understand what really happens when hubs
are disrupted, we analyzed the expression dataset
reported by Hughes et al.34 In their study, the
authors had deleted ∼290 genes independently and
monitored gene expression changes for the entire
yeast genome for each of the mutant strains. A total
of 21 transcription factors of the 290 genes were also
represented in their dataset. For each of the 21
mutant strains, we evaluated the correlation between the number of genes they regulate in the
network and the number of genes whose expression
was affected (twofold change in expression) and
found a lack of correlation. This suggested to us that
transcriptional regulatory interactions might be
backed up by regulations involving other transcriptional regulators, which might not necessarily be
hubs.
A small fraction of essential genes are regulated by
hubs alone
For essential genes that were not transcription
factors, we investigated whether they tended to be
uniquely regulated by hubs in order to assess if
disruption of hubs can affect expression of essential
genes in an organism. Interestingly we find that a
majority of essential genes (60%, 437 genes, p-value
to attain this value or lower purely by chance is
0.005) are regulated by more than one transcription
factor, which includes a non-hub regulator. Only
26% (190 genes) of the genes are regulated by hubs
alone. As the current network is not complete, the
availability of additional data is likely to add
additional non-hub regulators for essential genes.
Hence, the estimate of 26% of essential genes
regulated by hubs alone should be treated as an
upper limit, and is likely to decrease with further
data. These observations could imply the following: hubs rarely regulate essential gene by themselves, thus disruption of a hub can possibly affect
gene expression changes of many genes but not
necessarily the viability of the organism. These
results then suggest that an organism can indeed
evolve new regulatory states by withstanding
mutations that affect regulatory hubs, since such
mutation of hubs generally does not affect viability,
even if the hub is disrupted. This would mean that
transcriptional regulatory hubs need not be conserved across organisms, and might be lost or
displaced selectively.
Regulatory hubs can be lost in evolution
We systematically analyzed regulatory hubs to
test the above hypothesis regarding their dispensability in the course of evolution. For this purpose,
we identified the ortholog of each of the 157
regulators in 15 fungal genomes and looked for a
correlation between the number of genes a
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Figure 2. Schematic of the network transformation procedure. Starting from a transcriptional regulatory network,
where red circles denote transcription factors, and green circles denote target genes, we construct a co-regulation network
where nodes are only transcription factors. In the co-regulation network, we link two transcription factors if they share a
common target gene. We remove links between a pair of transcription factors in the co-regulation network if they share
the same number of target genes in 10,000 random trials, to ensure that only greater than non-random pairs of
combinations are maintained.

transcription factor regulates and the number of
organisms in which a regulator was conserved in
evolution. If a correlation existed, it would mean
that hubs are probably important for an organism
and hence are more conserved than the regulators
that regulate only a small subset of genes. However,
the plot of conservation and number of genes
regulated by a transcription factor (Figure 4)
revealed a lack of correlation. This means that
regulatory hubs are not essential in an organism,
and can be subjected to loss or replacement by new
contenders, thus providing the possibility for an
organism to adapt and survive in changing conditions. This interpretation is supported independently by the earlier observations that each of the major
lineages in eukaryotes has evolved its own set of
transcriptional regulators (and hubs) by lineagespecific expansions.28,35,36 For instance, the C6
fungal-type zinc finger is abundant in fungi, but is
entirely absent from other eukaryotes. Many of the
key transcriptional controls performed by the C6
fungal-type zinc finger transcription factors are
performed by unrelated proteins in other eukaryotes, suggesting that their rise to a position of a hub
occurred relatively late in the evolution of eukaryotes. Taken together, these observations suggest
that the apparent functional robustness of the
transcriptional network must arise from causes
other than what is apparently provided by the
scale-free structure of the network. Given that this
does not emerge from the obvious redundancy of
hubs, it might emerge from a non-trivial feature
hidden with the architecture of the transcriptional
regulatory network.
Network transformation procedure reveals
hidden properties
To address the above paradoxical observations,
we explored the yeast transcriptional regulatory
network for the existence of any hidden distributed
architectural feature. Towards this goal, we developed a network transformation procedure that
allowed us to arrive at a co-regulation network

starting from a transcriptional regulatory network.
In simple terms, this transformation produces an
undirected network, referred as the co-regulation
network, where the nodes are only transcription
factors, and two transcription factors are linked if
they show a specific tendency to share a common set
of target genes (Figure 2). Thus, starting with a
transcriptional network composed of 157 transcription factors, 4410 target genes, involving 12,873
interactions, we arrived at the co-regulation network involving 157 transcription factors and 3459
links between them (Figure 3(a) and (b)). We
compared the topological features of the transcriptional network and the co-regulation network to
obtain insights into their properties, like robustness.
This comparison yielded interesting and unexpected
results with potentially important implications for
functional robustness that we discuss in the following sections.
Uncovering a distributed architecture within a
scale-free network
Interestingly, the degree of distribution of the coregulation network suggested that the co-regulation
network has a completely different architecture from
the transcriptional regulatory network (Figure 3(a)
and (b)). The observed distribution showed a clear
central tendency similar to those observed for
idealized distributed networks (Figure 1(b)), suggesting that the co-regulation network has a distributed architecture. We also calculated the average
clustering co-efficient for the two networks and
found that the value for the co-regulation network
(average clustering coefficient, CC = 0.48, p = 0.004)
was much higher than that for the transcriptional
network (average CC = 0.12, p < 10−3). This supported
the idea that a distributed architecture of coregulation is hidden within a decentralized topology
of gene regulation in yeast (Figure 3).
We suspected that this distributed architecture of
the co-regulation network, which lies hidden in the
decentralized architecture of the transcriptional
regulatory network, might provide additional
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robustness to the transcriptional regulatory network. In the transcriptional regulatory network,
we find that the average number of target genes
regulated by a transcription factor is 82, and in the
co-regulation network, the number of other transcription factors with which a given transcription
factor shares a target gene is 44. To evaluate the
significance of these observations, we carried out
simulation experiments in which we generated
10,000 random scale-free networks with a degree
of distribution similar to that in the real network
and applied the above transformation procedure to
derive the co-regulation network. The simulations
showed that the degree of distribution of coregulation networks derived from random scalefree networks had very different shapes, suggesting that the observed distributed architecture for
the real network has not arisen by chance. The
distribution of the average connectivity in the coregulation networks derived from random scalefree networks, i.e. the average number of transcription factors with which a given transcription
factor share a target gene, is around 38. These
simulations showed also that the higher value for
target gene sharing (44 partners) encountered in
the real yeast co-regulation network occurs with
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p < 0.009, suggesting that the real transcriptional
network has evolved a stronger tendency for coregulation than expected by chance alone. This
implies that there is a strong tendency for backup
in the system due to the high level of co-regulation
observed.
A co-regulation network is more robust to attack
of hubs
Robustness of a network can be tested by
removing nodes in one of two ways: (i) random
removal of nodes, termed failure; and (ii) removal
of highly connected nodes, called attack. We
carried out simulations where both the transcriptional regulatory network and the transformed coregulation network were subjected to attack and
failure, and the fraction of interactions lost were
monitored. As shown in Figure 5(a), when subjected to failure, the scale-free structure of the
transcriptional network provides the observed
robustness. However, when subjected to attack,
which disrupts the hubs, the co-regulation network
holds out, despite the breakdown of the scale-free
structure of the basic transcriptional network
(Figure 5(b)). The results remain unchanged even

Figure 3. Network representation of (a) a transcriptional regulatory network in yeast with 12,873 regulatory
interactions. This network is similar to the decentralized network in Figure 1, which is supported by an
inhomogeneous degree distribution shown below. (b) The co-regulation network obtained after the transformation
procedure described in Figure 2 is similar to the network with a distributed architecture shown in Figure 1(b). The
degree distribution is homogeneous in the co-regulation network and shows a peaked behavior, as is expected for
a network with a distributed architecture. Thus, the transformation procedure reveals the hidden distributed
behavior among the transcription factors, which is not apparent in the original representation of the transcriptional
network.
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Figure 4. Plot showing the lack of
correlation between connectivity
and evolutionary conservation of
regulatory proteins (r2 = 0.0079).
The absence of correlation suggests
that the scale-free network can
sustain mutations that disrupt regulatory hubs during evolution.
The colored data points represent
essential genes. Note that many
regulatory hubs are not essential
genes, indicating clearly that hubs
in these scale-free networks can be
lost or replaced in an organism.
These observations suggest that
such scale-free networks should
have other features that should be
able to provide the additional robustness to withstand these mutations. This is uncovered by the network transformation
procedure, which reveals the distributed architecture, where removal of highly connected proteins can still be tolerated
and can be backed up by other transcription factors.

if we monitor the size of the largest component
after attack or failure. Thus, the hidden coregulation network appears to provide the additional robustness, which is not apparent in the
transcriptional network, and might explain the
apparently paradoxical observations mentioned
above. Similar calculations done on 1000 random
scale-free networks with an identical degree of
distribution as the real transcriptional network
reveal that this is not a generic property of all
scale-free networks. In fact, in none of the 1000
random trials did we find this extent of robustness
of the co-regulation network. This would mean
that evolutionary forces have probably shaped
individual interactions such that the co-regulation
network can provide the additional robustness

against attack disrupting highly connected nodes.
The higher values for the average connectivity of a
transcription factor in the co-regulatory network
suggest that this process has most probably taken
place due to evolutionary pressure leading to
selection for higher co-regulatory interactions
between individual transcription factors.
Adaptive evolution by affecting regulatory hubs
A recent study by Fong et al.,37 showed the first
fixed mutations occurring during adaptation to
environmental changes, typically affect global
regulatory proteins. Such mutations, possibly affecting global regulators, alter the expression of
many genes simultaneously, thereby increasing the

Figure 5. Robustness as measured by removal of nodes in the transcriptional network and the co-regulation
network. Trends for the transcriptional network and for the co-regulation networks are shown in red and blue. (a)
The trends observed when transcription factors are removed randomly (failure) reveals that robustness is provided
by the transcriptional network. (b) The trends observed when regulatory hubs are removed first (attack) would
show that the transcriptional network is vulnerable and disintegrates; however, the trend for the co-regulation
network shows they can withstand removal of hubs and hence provide additional robustness, which can explain
why living systems are tolerant to removal or replacement of regulatory hubs in their transcriptional regulatory
network.
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chance of arriving rapidly at the altered expression
of a particular protein, which might confer the
necessary adaptation.37–39 Subsequent mutations
that become fixed are those that reset the expression levels of the irrelevant genes to baseline levels,
but retain the differential expression of the adaptively relevant genes. Our result concerning the
buffering provided by the distributed architecture
of the co-regulation network against attack of the
hubs in a transcriptional network is consistent with
this study. The innate backup coming from the coregulation network is likely to protect the overall
transcriptional program of the organism from
alterations affecting major regulators. At the same
time, it provides alternative inputs that can restore
expression of particular genes while leaving others
unaffected, even if both groups of targets were
under a common major regulator. Thus, ‘‘overengineered’’ backup systems are likely to be a
major determinant of the ‘‘evolvability’’ of gene
expression in organisms faced with environmental
diversity.

were considered. We were able to assemble a network of
4441 genes, which include 157 DNA-binding transcription factors, 4410 target genes and 12,873 regulatory
interactions. Regulatory hubs were identified as proteins
that regulate more than 150 target genes (the top 20% of
the transcription factors with high out-going connectivity
that cumulatively account for about more than half the
number of regulatory interactions in the network). Of the
157 DNA-binding transcription factors, 33 qualified as
hubs in our network. The complete genome sequence for
the yeast species and other fungi compared in this study
that include Saccharomyces bayanus, Saccharomyces. mikatae, Saccharomyces. kluyveri, Saccharomyces castellii, Saccharomyces kudriavzevii, Kluyveromyces waltii, Candida albicans,
Ashbya gossypii, Saccharomyces paradoxus, Schizosaccharomyces pombe, Aspergillus nidulans, Neurospora crassa,
Magnaporthe grisea, Ustilago maydis and Cryptococcus
neoformans were obtained from the NCBI genome
website. Information about essential genes was obtained
from the Internet§. Gene expression data for the 21
transcription factor disruption mutant strains were
obtained from the supplementary material accompanying Hughes et al.34
Network transformation and other algorithms

Conclusions
A simple transformation procedure uncovers the
presence of a distributed architecture in the coregulation network hidden behind the observed
scale-free structure of the transcriptional network.
This distributed architecture of the underlying coregulation network differs from random scale-free
networks with similar degrees of distribution as the
real transcription network has a significantly higher
tendency for co-regulation. This feature might
account for the observation that regulatory hubs
are not always essential and can be replaced or lost
during evolution. This architecture provides a
possible explanation for how different families of
transcription factors have emerged in a lineagespecific manner across eukaryotes. It might account
for the ability of organisms facing new environmental conditions to attain adaptive states of expression
of particular genes rapidly via alterations of global
transcriptional regulators, followed by a slower
mutational resetting of expression of other genes.
We believe that these principles inferred from the
yeast network might be prevalent in other eukaryotic systems, providing a general model to understand the tremendous diversity of transcriptional
interactions observed during the evolution of
eukaryotes.

Materials and Methods
Data sets
The transcriptional regulatory network was assembled
from the results of genetic, biochemical and ChIP-chip
experiments.24–27,33,40 Only the interactions with p < 0.001
and S.D. > 4 from these high-throughput experiments

In the transformation procedure, we link two transcription factors in the co-regulation network if the number of
genes shared by the pair of transcription factors is greater
than the average number of genes shared by the same pair
in 10,000 random networks with a similar degree of
distribution. This procedure is similar to that used by
Porter et al. in their recent network analysis of the
committees in the U.S. House of Representatives.41 It is
of importance that the correct randomization procedure is
employed, as an unrealistic randomization procedure can
introduce bias into the estimation of statistical significance.42 To this end, all scale-free networks for the
statistical tests used in the analysis have been generated
from the original transcription network by randomly
rewiring the network edges between transcription factors
while maintaining the out-going and in-coming degree
distributions of all the transcription factors and target
genes. Such a procedure ensures that the in-degree and
out-degree distributions of the random networks show
identical pattern of behavior as observed in the original
transcriptional network.43,44
Ortholog detection procedure
Orthologs were identified using the bi-directional best
hit approach. Whenever ortholog detection was not
resolvable by this method, phylogenetic trees based on
the relationships between the sequences of proteins that
were picked up in the blast runs were built. Orthologs
were then defined as the group of proteins that clustered
together in the tree.
Statistical significance of our observations
To ensure that the observed phenomenon is not a
property of the network structure, we carried out all
calculations reported here by generating random scalefree networks with a degree of distribution similar to
§ www.yeastgenome.org
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that seen in the real transcriptional network of yeast.
The results showed that the transformation procedure
on the random networks does not yield the observed
trends seen in the original dataset. p values were
calculated as the fraction (over 10,000 trials) of the
number of times a value observed in the random
network was equal to or higher than that observed in
the real network.
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