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ABSTRACT Biological data from high-throughput technologies describing the network components (genes, proteins,
metabolites) and their associated interactions have driven the reconstruction and study of structural (topological) properties of
large-scale biological networks. In this article, we address the relation of the functional and structural properties by using
extensively experimentally validated genome-scale metabolic network models to compute observable functional states of
a microorganism and compare the “structure versus function” attributes of metabolic networks. It is observed that, functionally
speaking, the essentiality of reactions in a node is not correlated with node connectivity as structural analyses of other biological
networks have suggested. These findings are illustrated with the analysis of the genome-scale biochemical networks of three
species with distinct modes of metabolism. These results also suggest fundamental differences among different biological
networks arising out of their representation and functional constraints.
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The combination of various high-throughput technologies
has enabled the coordinated study of cellular components at
the level of genes, proteins, metabolites, and the associated
interactions among them. These studies have resulted in the
generation of large-scale data sets that have served as the
foundation for the reconstruction of metabolic, regulatory,
signaling, and protein-protein interaction networks. The avail-
ability of these interaction networks has spurred the analysis
of the structural, i.e., topological, properties of these networks
using quantitative approaches (1). Since functional states of
metabolic networks (that correspond to phenotypic functions)
can be assessed, we can now compare how important
structural properties of networks are when it comes to
interpreting their functional states.

Network analysis has suggested that biological networks
have two important structural properties. First, it has been
shown that several of these networks, including metabolic net-
works, are scale-free and possess a ‘‘small world’’ property
(1). Second, scale-free networks are suggested to have high
error tolerance (tolerance against random failure) and low
attack tolerance (vulnerability to the failure of the highly
connected nodes). However, biological networks can have
differences in their functional states. In general, the network
of interactions among biological entities (genes, proteins,
metabolites, etc.) can be classified on the basis of nature of
the interaction into two broad categories:

1. Influence networks, where the nature of the interactions
are ‘‘influence-based’’ such as protein-protein interaction
or signaling networks, and the links represent whether an
interaction is present or not. This class might be extended
to include cases where the type of interaction is important
in addition to presence/absence of the interaction (for ex-
ample, gene regulatory networks where transcription fac-
tors can either activate or repress genes expression).
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2. Flow networks, where a specific variable such as mass or
energy flow may be conserved at each node, such as meta-
bolic networks. Thus, the fundamental properties of bio-
logical networks in these two classes can be significantly
different.

In this report, we argue that metabolic networks have
unique properties resulting from a), the conservation con-
straints that have to be satisfied at each node, and b), the way
the metabolic networks are represented, where nodes are
metabolites and the links are reactions that are catalyzed by
specific gene products. This representation is different from
protein-protein interaction networks, where the nodes are the
gene products and the links correspond to interactions. The
analysis of protein-protein interaction networks has suggested
that the deletion of the most highly connected proteins
correlates well with a lethal phenotype (2). In contrast, a node
(i.e., ametabolite) in metabolic networks cannot be deleted by
genetic techniques, but links can.

These topological properties are derived from network
structure, but not from their functional, or phenotypic, states.
Recent studies have indicated that metabolic networks have
flux distributions with an average path length that is longer
than the length obtained from consideration of network
structure (3) and that their functional states may not have
scale-free characteristics. The proposed error and attack
tolerance properties of metabolic networks can be assessed in
the context of functional states using flux balance analysis of
genome-scale metabolic networks (4). Such in silico models
are currently available for several organisms (4). The in silico
models of Escherichia coli and Saccharomyces cerevisiae in
particular, have been extensively validated with physiological
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data including data on knockout phenotypes (5, 6). These
genome-scale models of metabolic networks have been
found to compute observable functional network states (7,
8) and can thus be used to assess systematically the attack
and error tolerance of nodes that have a high number of con-
nections relative to those that have a low number of con-
nections.

As other biological networks, metabolic networks have to
satisfy many functions simultaneously. To support growth,
a genome-scale metabolic network has to produce more than
35 different compounds (9) (Fig. 1, right panel). The
genome-scale in silico models of E. coli and S. cerevisiae
have been used to analyze the lethality of gene deletion and
have been shown to correctly predict the experimental
phenotype in 78.7% (6) and 82.6% (5) of the 13,750 and
4,154 cases, respectively. The computed lethal gene knock-
outs can be used to compare the connectivity, C;, of node i (a
metabolite) and the lethality of the links (reactions) to it. The
number of lethal reactions (or connections, Cy ;) among all
the reactions around every metabolite was calculated using
data from the in silico deletion analysis (5, 6). The averaged
fraction of the lethal reactions (fi; = (Cp;/C;)) was then
plotted as a function of the metabolite connectivity (C;) for
the metabolic networks of E. coli, S. cerevisiae, and Geo-
bacter sulfurreducens (Fig. 1, left panel).

From these results, it is observed that the lethality fraction
(fL) of some of the less connected metabolites is higher than
that of the highly connected metabolites irrespective of the
size or the complexity of the metabolic network. In fact,
surprisingly, for all of the networks studied, most of the
points fall within a narrow range from 0.2-0.5. There are
several metabolites with a connectivity of two that have
a lethality fraction of 1. These metabolites often occur in
a linear pathway, where the end metabolite is an essential
biomass component (e.g., amino acid such as histidine). The
relation of the lethality fraction to the connectivity is
illustrated in Fig. 1, right panel, for two representative
metabolites. Additionally, one can also investigate the
behavior of the metabolic network when a specific metab-
olite is eliminated from the network by removing all the
reactions that consume/produce the metabolite. To realize
this experimentally, all the genes corresponding to the re-
actions would have to be simultaneously deleted. The
results of this analysis are depicted in Fig. 2, and it can be
immediately seen that these plots show a remarkably
different trend compared to Fig. 1, left panel. Here, the
connectivity correlates well with the average lethality
fraction ((f{")) when all the reactions corresponding to the
metabolite have been deleted. Interestingly, even in this case,
there appear to be metabolites that are more connected but
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(Left panel) Plot of the average lethality fraction ({f_;)) as a function of the metabolite connectivity (C;) for the metabolic
networks of E. coli, S. cerevisiae, and G. sulfurreducens under different growth conditions (see supplementary information). (Right
panel) The reactions consuming/producing oxaloacetate (oaa, a key metabolite in the TCA cycle) and phosphoribosyl-AMP (prbamp, an
intermediate in the histidine biosynthetic pathway) are shown. The reactions predicted to be essential for growth based on the in silico
analysis are shown in black, whereas the nonessential reactions are shown in red along with the normalized predicted growth rate, the
connectivity (C;), and the lethality fraction (f_;) for both the metabolites. The number of lethal reactions around a highly connected
metabolite such as oxaloacetate (oaa, C; = 10) is shown in comparison to a lowly connected metabolite such as phosphoribosyl-AMP
(prbamp, C; = 2). However, the number of lethal reactions for both metabolites is 2, as prbamp occurs in a linear pathway in histidine
biosynthesis and the deletion of either one of the linked reactions leads to the loss of network function (growth).
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FIGURE 2 Plot of the average lethality fraction when all re-
actions corresponding to a metabolite are removed ((f";)) as
a function of the metabolite connectivity (C;).

with lower average lethality fraction. These findings ill-
ustrate some of the unique properties of metabolite networks
in part due to their representation as a network and partly due
to the conservation constraints these networks have to
satisfy.

This analysis based on network functions indicates that
even the least connected nodes in genome-scale metabolic
networks are just as likely to be critical to the overall network
functions as the most highly connected nodes. The
inactivation of even lowly connected nodes that disrupts
the specific function of the subsystem could lead to the
failure of the overall network (lethality). These findings in-
dicate that, in addition to network structure, the functional
states of the metabolic pathways have to be considered for
the study of network properties and how they relate to
observable biological functions. Interestingly, studies of the
transcriptional regulatory networks have shown similar pro-
perties where the highly connected nodes do not correlate well
with essentiality (10). Taken together, these studies seem to
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suggest that even though networks of biological entities
might have some similar properties, there appear to be funda-
mental differences in the nature of these networks, investigat-
ion of which can lead to valuable insights on their functions.

SUPPLEMENTARY MATERIAL

An online supplement to this article can be found by visiting
BJ Online at http://www.biophysj.org.
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