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Abstract

The biological role of proteins has been analyzed from different perspectives, initially by con-
sidering proteins as isolated biological entities, then as cooperating entities that perform their
function by interacting with other molecules. There are other dimensions that are important for
the complete understanding of the biological processes: time and location. However a protein
is rarely annotated with temporal and spatial information. Experimental Protein-Proteins In-
teraction (PPI) data are static; furthermore they generally do not include transient interactions
which are a considerable fraction of the interactome of many organisms. One way to incorporate
temporal and condition information is to use other sources of information, such as gene expres-
sion data and 3D structural data. Here we review work done to understand the insight that can
be gained by enriching PPI data with gene expression and 3D structural data. In particular,
we address the following questions: Can the dynamics of a single protein or of an interaction
be accurately derived from these data? Can the assembly-disassembly of protein complexes be
traced over time? What type of topological changes occur in a PPI network architecture over
time?






1. Introduction

A protein-protein interaction network for an organism represents physical interactions among
proteins. Interactions are obtained through a variety of experimental and computational tech-
niques, including Yeast-2-Hybrid (Y2H) [24] and Co-ImmunoPrecipitation (ColIP). Details on
the experimental technologies can be found in a recent survey [15]. PPI networks are static
since they do not show changes in interaction status between two proteins over time. In the
human proteome as well as in other organisms a large number of interactions are transient [12],
they occur for a limited time and are reversible, i.e. the two proteins disassociate and are no
longer in physical contact. The interface involved in a transient interaction may be used by
multiple partners at different times. Transient interactions are typically promoted by a set of
conditions, such as phosphorylation and more generally post-translational modifications, or re-
quire localization to specific areas of the cell or are induced in response to a signal. An example
of a transient interaction is that of a kinase binding a substrate within a particular signaling
pathway. Examples of permanent interactions are those among proteins participating in a stable
network complex that perform some specific function, for instance the 20S Proteasome.

Experiments to obtain interaction data at different points in time and under different condi-
tions are currently too costly. Thus integrative computational approaches have been designed
to add temporal and condition information into the PPI networks. One class of approaches
integrates gene expression data and PPI data [25], taking advantage of the large amount of
gene expressions accumulated over the past years for different organisms and under different
conditions and time points. The dynamics of interactions, in the absence of direct experimen-
tal information, are derived from gene co-expression as follows: if two proteins are physically
interacting in a PPI network and the two proteins also are co-expressed during a certain time
interval during the cell cycle, then they are assumed to be interacting during that particular
time interval. However this assumption is not always valid since an indirect interaction among
the co-expressed genes may exist due to the presence of one or more intermediaries [56].

A second class of computational approaches to discriminate between transient and permanent
interactions exploit 3D structural information as provided by X-ray crystallography and NMR
and available from the Protein Data Bank (PDB) [8, 40, 50]. For a hub protein, i.e. a protein
with a large number of interactions partners, not all interactions can take place simultaneously
due to the limited surface area of the protein. Structural data and computational methodologies
for structural comparison allow one to determine, for a given protein, which interactions can
occur at the same time and which are mutually exclusive. Mutually exclusive interactions
are obviously transient, while the interactions that can occur simultaneously may be permanent
interactions. This condition can be verified by injecting into the analysis other data, for instance
gene expression data. This approach, although powerful, is limited by the number of available
structures of proteins in complex with other proteins.

The dynamics of individual proteins, not just of their interactions, have been analyzed by
integrating gene expression data with PPI networks. Proteins may not be active at all times
and under all conditions. Thus, some methods have explicitly traced the gene expressions
over discrete time intervals, leading to a classification of gene products into static and dynamic
proteins. Static proteins are defined as those expressed during the entire interval, while dynamic
proteins appear only at some specific times. This definition generally relies on a chosen criterion
and threshold to determine when a protein is present.

Another popular but controversial classification of proteins based on gene expression data
in connection with PPI networks is in [22] where the dynamic properties of a protein were



derived from the correlation of its expression profile with respect to its interacting partners in
the network. This led to a separation of hub nodes, i.e. nodes with high degree, into party and
date hubs: party hubs are highly correlated in their mRNA expression with their partners while
date hubs show lesser correlation. Party hubs are believed to have permanent interactions, while
data hubs are believed to have transient interactions.

It is known that proteins perform their function not in isolation but in cooperation with other
proteins. Thus it is of interest to look at the dynamic behavior of groups of interacting proteins,
or protein complexes. Much attention has been devoted recently to the process of assembly
and disassembly of proteins complexes over time and to the way in which the same protein
participates in different complexes at different times. Work in this area includes also the use of
temporal information to better predict clusters of proteins that likely correspond to functional
complexes.

A mathematical structure that supports these studies is the dynamic network that combines
PPI data and gene expression data. Mathematically, the PPI network is a graph with each
protein as a node. A graph G(V, E) consists of a set of nodes V' and a set E of pairs (u,v),
u,v € V, called edges. In a PPI network an edge connects two nodes if a physical interaction has
been observed between the two proteins. A dynamic network is a set of subnetworks derived from
the original PPI network, each subnetwork corresponding to a time interval and representing
all proteins and protein interactions detected during that time interval. A time-series of gene
expression data combined with PPI data generates this series of subnetworks. A node of a
subgraph corresponds to a protein. An edge connects two proteins if they are co-expressed
at that time or time interval in addition to being connected by an edge in the static PPI
network. Recall that co-expression is assumed to indicate common activity and therefore actual
interaction. An alternative, but equivalent, mathematical way of looking at a dynamic network
is as a single graph where the edge connecting two proteins is labeled by the points in times
when both proteins are expressed.

The differences among the subnetworks composing a dynamic network are used to analyze
the dynamics of a protein with respect to its immediate neighbors, the changes of network
functional modules or complexes as well as of the topological properties of the whole network.
The same type of analysis can be conducted and applied to expression data collected in different
experimental conditions, for instance healthy/unhealthy individuals, different tissues, different
metabolic conditions.

The dynamics of PPI networks has been the subject of a number of surveys [30, 38, 44, 51]. In
this paper we illustrate different points of view on the issue of dynamics in PPI networks. We
observe that dynamics can be studied concentrating either on single proteins or on subnetworks
of PPI networks that vary in dimension and topology. Moreover, the gene expression data are
analyzed both considering the absolute values of single genes or the correlation between two genes
of the transcriptome. Consequently, we review the literature following this schema. In section
2 we survey papers investigating the dynamics of single proteins and interactions. Specifically,
in section 2.1 we discuss the use of time-series genes expression values to identify static and
dynamic proteins and the use of correlation of expression values to classify hub proteins into
date and party hubs; in section 2.2 we review computational approaches to identify transient and
permanent interactions based on 3D structural data. In section 3 we report work on the dynamics
of different subnetworks, either modules or complexes, using gene expression correlation data to
find possible rewiring of the static PPI network. In section 4 we present some results showing
how the dynamics affects the entire PPI network, leading to a modification of a number of global
and local properties of the network.



2. Dynamics of single proteins and interactions

The dynamics of proteins and interactions can be analyzed from two different perspectives.
First, not all proteins may be active in a given cell at a given time and under a specific condi-
tion. Gene expression data acquired at different points in time and under different conditions
provide a temporal annotation of proteins. Second, a protein may use the same interface to
bind multiple proteins; thus such bindings cannot occur at the same time. Structural data and
computational techniques enable to discriminate among simultaneously possible and mutually
exclusive interactions, providing insight into the dynamics of interactions.

2.1. Dynamics from PPI and gene-expression data

Static and Dynamic Proteins

Although there is not a unique definition of a dynamic protein, there are ways of identifying such
proteins. For instance, using time series of gene expression data, the timing of the transcription
of genes allows one to distinguish between dynamic proteins, which are periodically expressed,
and static proteins, which are constitutively expressed [16]. Dynamic proteins, in other words,
show a peak of expression only at certain points in time while static proteins do not have a clear
maximum.

The notion of static/dynamic can also be derived from condition-dependent gene expression
data. Large datasets of genes of Saccharomyces C. with condition-dependent expression were
analyzed in [29]. The expression variance (EV) across all experiments conducted under different
conditions was calculated for each gene; this lead to classification of gene products into static,
those with low variance, and dynamic, those that have a relatively high variance. A comparison
of EVs of proteins with the EVs of their neighbors revealed that proteins have similar expression
dynamics as their immediate neighbors in the protein interaction network.

A dynamic circadian interactome, reflecting the time-of-day dependent organization of the
network, was constructed in [55] by a combining experimentally derived protein-protein inter-
actions with time-of-day-dependent expression data. In the circadian oscillator, many of the
known PPIs also happen predominantly at specific times of the day, e.g. PER/CRY complexes
bind to CLOCK/BMALTL in the late night, demonstrating the need of precisely timed PPIs for
the circadian clockwork. The authors systematically mapped PPIs among 46 circadian compo-
nents using high-throughput Y2H and co-immunoprecipitation experiments in human cells, thus
identifying some so far uncharacterized interactions.

Party and Date hub classification and its relations to other biological and topological properties

This classification was one of the first attempts at introducing some temporal and spatial char-
acteristics into an otherwise static set of data by using gene co-expression data. Han et al. [22].
examined the extent to which hubs in the yeast interactome are co-expressed with their interac-
tion partners. They defined hubs as proteins with degree at least 5, where “degree” refers to the
number of links emanating from a node. Based on the averaged Pearson correlation coefficient
(avPCC) of expression over all partners, they concluded that hubs fall into two distinct classes:
those with a low avPCC (which they called date hubs) and those with a high avPCC (so-called
party hubs). They inferred that these two types of hubs play different roles in the network
modularity: party hubs are thought to coordinate single functions performed by a group of
proteins that are all expressed at the same time, whereas date hubs are described as higher-level



connectors between groups that perform varying functions and are active at different times or
under different conditions.

Date and party hubs have different topological properties. It was observed that removing date
hubs produces a huge effect on the whole network connectivity leading to a rapid drop in the
characteristic path length while the removal of party hubs is the same as randomly removing
nodes [22]. Moreover, it has been shown that date hubs participate in more genetic interactions
and evolve more rapidly than party hubs [9].

This hub classification is questioned in the papers [2, 7] where the bimodal distribution of the
hubs is considered an artifact due to the algorithm used to normalize microarray expression data
or to the kernel function used to smooth the histogram of the avPCC distribution. In addition,
Batada et al. showed that there is no evidence for a lower rate of evolution of party hubs and
any weak tendency for party hubs to evolve slower was accounted for by their abundance. The
authors found that differences in abundance explain all difference in rates of evolution between
date and party hubs, concluding that evolutionary rate differences do not support the date/party
distinction. In the same paper the authors questioned also the differential deletion effect of party
and date on the network integrity. The authors randomly swapped date and party hubs of the
same connectivity and found the same deletion profile as the original unswapped case. These
finding corroborated their hypothesis that the differential deletion effect is not solely due to
inter- versus intra-module positioning but is sensitive to removal of just a few extreme hubs. In
[2] the party and date hub classification is compared with a topological counterpart in which
the role of the proteins is assigned on the basis of network topology rather than on the basis of
expression data, as formulated by Guimer‘a and Amaral [20]. In this view the classification of
nodes in a modular network rely on intra- and inter-module connectivities. According to this
latter classification, date hubs should correspond to connectors between different clusters while
date should represent provincial node connecting only node within the same cluster. However
Agarval et al. showed that the two classifications are not consistent in two dataset they analyzed

[2].

However, the idea that network hubs may fall into discrete classes is supported also in [26]. The
authors hypothesized that date hub proteins have one or two interaction interfaces, but many
partner proteins while party hub have many interaction interfaces but only one partner protein
per interface. Each interface of date hub must interact with its partners in a mutually exclusive
manner, establishing a hierarchy of interactions. Changes in the abundance of date hub proteins
may have great consequence for the interactome as opposed to changes in the abundance of party
hub which are supposed to produce a lesser effect on the interactome. Wilkins et al. in [57]
analyzed this issue in relation to changes in the protein-complex assembly and function. These
effects are not identical for all proteins and will differ depending on the number and type of
interaction partners that a protein has, corroborating the hypothesis of a dichotomy date/party
of network hubs [57].

Another classification of hub proteins based on co-expression profiles but restricted to a spe-
cific tissue is in [46]; proteins of the human interactome fall into two categories: intermodular
and intramodular proteins. Intermodular hub proteins are co-expressed with their interacting
partners in a tissue-restricted manner and intramodular hub proteins that are co-expressed with
their interacting partners in all or most tissues.

For an extensive discussion of the controversy on party and date hub classification see [10, 13].



2.2. Dynamics of interactions from 3D structural data

Much structural data of proteins have become available in recent years, obtained by experimental
techniques and by homology modeling. These data have enabled the construction of the 3D
structure of the whole interactome of several organisms [35]. When experimental data related
to a specific interaction is not available, it can be inferred from the structures of homologous
proteins [4, 3, 5]. In other words, the 3D structure of a given protein-protein interaction is used
as a template to model all the interactions that involve homologous proteins and for which the
binding has been experimentally confirmed. The advantages of enriching PPI networks with
a protein structural dimension have been discussed in a recent survey [13]; they include the
prediction of new protein-protein interactions as well as uncovering new interesting features of
different node types, such as disorder and evolutionary features.

From a structural perspective, proteins are classified in single (or singlish)-interface and
multiple-interface. Single-interface have only a few interaction interfaces (two at most) that
may be used by multiple partners at different times since these interactions are mutually ex-
clusive. By contrast, multi-interface hubs allow simultaneous interactions. Statistically signifi-
cant differences exist for these two classes of proteins in terms of important biological features.
Singlish-interface hubs tend to be enriched in signaling proteins, whereas multi-interface hubs
are often present in protein complexes [26].

Temporal quality of an interaction is inferred from this classification by considering the in-
teractions of a single interface protein as generally transient, whereas those of multi-interface
proteins are believed to be enriched in permanent associations. In the latter case, gene ex-
pression data can help determining if two proteins binding at different interfaces are actually
simultaneous.

The large and increasing number of protein three-dimensional structures in the PDB provide
a means to predict interactions that are mutually exclusive. The underlying principle of some
of the approaches discussed below is the following: if two proteins bind a common partner and
their interfaces are structurally similar, then they cannot bind such partner simultaneously.

Based on this principle, a structural interaction network (SIN) of the yeast was derived in
[26, 28] in which many edges are annotated with structural information. They are labeled as
simultaneous possible or mutually exclusive on the basis of sequence homology of the connected
nodes to existing structurally defined complexes and of the presence or not of distinct interfaces.

Other approaches have relied only on structural homology to identify mutually exclusive in-
teractions among all the structures present in the PDB. In [40] structural comparison is applied
to the identification of the specific regions on the surface of proteins involved in the recognition
process. The authors have analyzed PPI networks and retrieved sub-networks in which at least
three proteins of known structure interact with a central protein. The surface residues of such
proteins are compared and their structural similarity is used to predict which residues are likely
to be in the binding interface of the proteins. The procedure, applied to the PPI networks of
several organisms, showed satisfactory accuracy in predicting mutually exclusive interactions,
when evaluated against known cases. As for the coverage of such method, i.e. percentage of
sub-networks containing a sufficient number of proteins of known structure in the PPI maps,
it varies substantially for different organisms, but it is generally above 30% and will certainly
increase as more structures become available.

The usefulness of structural information to add the time dimensionality to a network is illus-
trated in [50] for the case of the hub protein p53, a protein with hundreds of links implicated in
multiple signalling pathways in connection with human cancer. A structural comparison algo-



rithm applied to a large number of available interfaces in the PDB predicts the interfaces of p53
with its interacting partners. This in turn reveals which interactions can co-exist and which are
mutually exclusive.

A structural feature that has often been associated with transient interactions is intrinsic
disorder. Disordered regions, i.e. regions without a rigid three-dimensional structure, provide
the flexibility required by highly reversible yet highly specific interactions [54]. The tendency of a
protein to bind to many other proteins requires some versatility in its conformation, as a number
systematic studies of the available topological and predicted disorder data have confirmed. The
analysis on single and multi-interface hubs revealed that single interface hubs are enriched for
disorder while multi-interface hubs are not [28]. It was found that disorder is more present
in complex organisms: in the human proteome about one third of the proteins residues are
in disordered regions as apposed to only a few percent in other less complex species [18]. This
implies that in the human proteome the presence of dynamically fluctuating interaction patterns
[47].

Another type of dynamic behavior is considered in [8] where an additional dimension is added
into molecular networks: dynamic conformational changes. Alternate conformations of proteins
structures in human and yeast were extracted from the PDB databank and mapped into the
Dynamic Structural Interaction Network (DynSIN) to determine the dynamic conformational
changes occurring at their interfaces with different partners. The network allows one to derive a
number of properties of the interactions, for example that transient associations involve smaller
conformational changes than permanent ones.

3. Dynamics of protein complexes

Recently, the attention has shifted towards the analysis of the dynamics of groups of proteins
(complexes, modules, or pathways) rather than of individual proteins or protein-protein inter-
actions. It is known that some complexes assemble at a specific time and location to perform
a certain function and then disassemble, while other complexes are stable. Furthermore, some
proteins with transient associations are part of several complexes at different stages of a cellular
process. However, the temporal and spatial information is rarely available in existing databases
where protein complexes are essentially static entities.

The difference in the dynamic behavior of groups of interacting proteins was first outlined by
Spirin and Mirny [42] who introduced the concept of functional modules vs protein complexes.
The proteins in a complex interact with each other at the same time, by contrast, the proteins
of a functional module bind to each other at a different times to carry out a specific cellular
process.

To obtain insight into functional modules and complexes an integrative analysis of gene ex-
pression and interaction data has been performed by various authors in the last decade. Three
main questions have been addressed: 1) What is the composition of complexes in terms of
static/dynamic proteins? 2) Is there a relationship between the similarity in genes co-expression
profiles and complex membership? In other words, do proteins in a complex have a significantly
higher level of co-expression than random proteins? 3) Does the integration of physical and
gene information lead to an accurate prediction of protein complexes through the study of their
dynamics?

Characterization of complezes in terms of static/dynamic proteins



One of the early approaches to the analysis of dynamics of protein complexes is reported in [16].
They traced the formation of several complexes during the yeast cell cycle by combining reliable
PPI data with information on the timing of transcription of several genes. They observed that
most complexes consist both of dynamic proteins as well as static proteins. Furthermore, their
analysis enabled the annotation of some uncharacterized proteins and modules. In [29] the
positioning of proteins within modules was analyzed ; it was observed that large modules are
either static, i.e. composed of static proteins and always present in the cell, or dynamic, i.e.
composed of dynamic co-regulated proteins and expressed in a condition dependent manner.
The authors of [43] study the process of assembly-disassembly of proteins in a time of reference
corresponding to the four phases of the cell cycle. It is observed that a subset of proteins can
participate in a complex in one cycle and then in another at a different cycle. Constant gene co-
expression of a group of proteins across all cycles is interpreted as re-usability, i.e. participation in
different complexes at different points in time. While the majority of interactions connect static
proteins, links between a static and a dynamic protein are also present indicating a transient
interaction. It is this feature that is interpreted as re-usability or multi-purpose protein.

Gene co-expressions in complexes

That co-expression implies functional relationships was already observed in [19]. The general
question of whether there exists a relation between the similarity in gene co-expression profiles
and complex membership was addressed in [25] focusing on a set of known protein complexes
of S.Cerevisiae. Based on correlated patterns of gene expression over a time course and across
different conditions, a classification of complexes in permanent and transient was derived for large
MIPS complexes. Significant co-expression of genes was observed in many permanent complexes,
and on average much smaller correlation strength was detected in transient complexes. This
result was confirmed in [48].

In [32] this relationship was investigated for the yeast network taking into account the size
of the complexes. It was found that large complexes have a high level of gene co-expression.
On the contrary, the average degree of co-expression in small complexes is not much higher
than that from a pair of randomly selected genes. Genes of large protein complexes, such as
the mitochondrial ribosomal proteins and the cytoplasmic ribosomal proteins, with high within-
complex co-expression, have a strong influence on other genes since the vast majority of them
are affected by the coherent expression of these large protein complexes. A similar result relating
the size of complexes to the similarity in co-expression profiles was reported in [39] for the Homo
Sapiens. They found that the gene expression of protein subunits is more likely to be similar
for large complexes and that this is statistically significant.

Using gene expression data to identify protein complexes

Numerous computational approaches exist for the identification of clusters of proteins in static
PPI networks that likely reflect the functional classification of proteins. Similarly, clustering
algorithms have been applied to genetic networks, to identify groups of genes with high values of
co-expression likely related to functional similarity. Only recently, however, clustering methods
have been designed to integrate different types of data, from gene expression to interaction data,
for the accurate identification of complexes and their dynamics.

Genetic, metabolic, regulatory and interaction information was analyzed in [48] to find func-
tional modules. Basically, a cluster identified in one particular network was checked to see if
its components were significantly related in another network. For example, having identified
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a module of the protein interaction network or using a protein complex they calculated the
significance of the correlation strength of the corresponding gene expression profiles. In the
case that a group or subset of the data correlates in a dense co-expression subnetwork, un-
known genes that are members of such a subnetwork are candidates for interaction. Zhang et al
[59] integrated various biological interaction types, such as protein-protein interaction, genetic
interaction, transcriptional regulation, sequence homology, and expression correlation. They
identified in the database MIPS pairs of known complexes with many inter-complex genetic
interactions that constitute higher-order network structures or network themes tied to specific
biological phenomena. In [41] co-expression data and PPI networks are integrated and a cluster
procedure is applied separately to both; the clusters are then merged in a special graph and
cliques of this graph are identified. The cliques are shown to be significantly enriched in known
pathways.

Some integrative approaches [31, 45, 56] rely on the explicit construction of a dynamic network
from gene expression and PPI data, i.e. a series a subnetworks each corresponding to a specific
time point or time interval. In a subnetwork all the interactions are activated at the same time.
A crucial aspect of the dynamic network construction is the choice of a threshold to determine
the level of expression of genes products to be considered biologically significant, so that genes
with values below the threshold are discarded. In [31, 45] the original static PPI network of
S.cerevisiae retrieved from DIP is split into a series of time-sequenced subnetworks (TSNs)
corresponding to different phases of the yeast metabolic cycle. The gene-expressing profiles of
yeast are obtained from [49], which contains approximately 7000 genes under 36 different time
points. A large fraction of these gene products are present in the PPI network. A fixed threshold
is used to filter gene products at each time point. Only the transcripts whose expression levels
are greater than a fixed threshold (set to 0.7) remain. With this choice of threshold, about
40% raw transcripts with low expressing levels are removed. In each of the 36 subnetworks,
links represent interactions that are activated at the same time. Then a cluster procedure
identifies within each subnetwork protein complexes which are then traced in different networks
to study their dynamic behavior. Those complexes that are found in a number of subnetworks
correspond, according to the classification of [42], to protein complexes. The results of their
procedure provides a better match to protein complexes from MIPS than the results of a similar
clustering procedure applied to a static PPI network.

In [56] a different approach is taken to the construction of a dynamic network, specifically in
the selection of the threshold to filter genes. Active time points of each protein in a cellular
cycle are identified, using an active threshold for each gene according to the characteristics of
its expression curve. This is based on the observation that different proteins in a single cell
have different expression patterns. Furthermore, there exist proteins with important role whose
expression levels are very low during the whole cycle. A fixed global threshold would miss such
proteins. According to the the statistics in [56] 23-45% proteins are active at a time point and
most proteins are active in about half of cellular cycle. The yeast PPI network is retrieved from
DIP [52] and two gene expression sets from GEO [1] are used to derive active times for proteins.
The resulting dynamic network can be represented by 12 subnetworks corresponding to 12 time
points. In each subnetwork, the proteins are active at the time point, and the interactions that
appear at the time point are also maintained. A clustering algorithm is then applied to the
DPIN network and is evaluated against the algorithms MCL [58], CPM [37] that detect clusters
in a static PPI networks. The performance of each algorithm on DPINs outperforms those on
other networks in terms of matching with known complexes, sensitivity, specificity, f-measure,
and accuracy.
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Related to these studies although not specifically focusing on interaction dynamics are the
approaches to functional modules identification that integrate physical interaction data with
genetic information [11, 14, 34].

4. Dynamics of whole networks

The dynamics of biological networks in terms of global topological changes as well as in the
occurrence of specific motifs has been largely overlooked due to the lack of complete and re-
liable data representing biological entities and their relations over time. One exception is the
statistical analysis of the dynamics of transcriptional regulatory networks. For instance, in [33]
the transcriptional network of Saccharomyces cerevisiae was integrated with gene-expression
data for multiple conditions. Both global and local topological properties are related to specific
functional properties of transcription factors and their dynamics under 5 different conditions.
Transcription factors generally are hub nodes of the networks and a few of them are shown to
have permanent interactions while the others have transient interactions. These latter factors
rewire the network, altering their interactions to varying degrees.

As for PPI networks, the analysis of the changes of global and local topological properties
was performed in [23] for the networks of E.coli obtained at different times under different
environmental conditions. The networks were obtained at 20 minute time intervals after exposure
of wild-type and SOS E.coli to UV. Although no significant changes could be observed globally
(for instance the diameter of the networks is identical and the average degree very similar), some
small perturbations were detected that might yield a useful insight into the cellular response.
Interestingly, the shortest path length between a few pairs of nodes varied by more than 3, a
value considered significant in the paper, although the majority of shortest path lengths stayed
the same. As expected, a number of genes and their protein products are expressed only in
some of the networks in agreement with their known biological role. On the other hand, a large
fraction of hubs (defined as nodes with degree higher than 60) were present in all conditions,
supporting the claim that hub nodes are more essential than non-hub nodes. The comparative
analysis of the four networks revealed some changes that are physiologically relevant and that
could not be revealed by the analysis of gene expression alone.

5. Conclusions

Interaction data accumulated through a variety of experiments from small scale to high-throughput
have provided much insight into the cellular mechanisms, allowing to look at proteins in terms
of the biological processes in which they are involved rather than as isolated entities. Networks
with varying degrees of accuracy and completeness are now available for various organisms, in-
cluding yeast, human, drosophila. Much information is however missing from these graphical
representations. For instance, transient interactions are often not included because of the diffi-
culty of acquiring these data. More in general, proteins and interactions are rarely annotated
with temporal and condition information. Hopefully, the limitations in the acquisition of direct
interaction data over time will be overcome in the near future.

In the meantime, to cope with the current lack of experimental data capturing the dynamics
of the interactions, other sources of information have been added to the PPI networks. Gene
expression data and structural 3D data are a natural complement to PPI maps. Large amounts
of gene expression data are already available under different conditions and at specific times
or time intervals and their rate of increase is progressing. Here we have discussed the use of
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such data in determining when a protein is active, when its interactions with other molecules
occur and its participation in the assembly/disassembly of complexes or modules over time.
Structural data have also increased significantly over the past decades and are expected to grow
although not at the same pace as genetic data. Among other things, they provide the basis
to discriminate between mutually exclusive and simultaneously possible interactions. Overall,
much gain is achieved from the integration of all these data in terms of knowledge of biological
processes and more is expected to be achieved.
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