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Protein Interaction Networks and
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1.1 Introduction

A major aim of post-genomic biology is to provide a complete systems-level snapshot of the
cells in an organism. This requires not only a detailed description of the different components
of a cellular system, but also a deep understanding of how those components interact with
each other. During the last few years large scale genome sequencing projects and advances
in protein analysis technologies have gathered a huge data set of the components of living
systems. The focus now is on developing successful models ofthe interactions of these
components that can explain real living systems.

Protein-protein interactions (PPI) are the corner-stone of most biological processes taking
place in cells. Recent advances in high throughput interaction detection techniques have led
to the elucidation of substantial parts of the entire protein interaction set for several species.
These large datasets of interactions can be conveniently represented in the form of networks,
where the nodes represent proteins and edges represent interactions.

Given this data, some pertinent research questions are:

1. How do these networks work? How can a network be manipulated in order to prevent,
say, tumor growth?

2. How did these biological networks evolve? Could mutationaffect whole parts of the
network at once?

3. How similar are these networks? How much can we infer from the PPI network of one
organism to those of other organisms?

4. How are these networks linked with other networks, such asgene interaction networks?

5. What are the building principles of these networks? How areresilience and flexibility
achieved?

In order to attack these questions we first focus on

1. How to best describe networks?

2. How to compare networks from related organisms?

3. How to model network evolution?

This is a Book Title Name of the Author/Editor
c© XXXX John Wiley & Sons, Ltd
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4. How to find relevant sub-structures of a network?

5. How to predict functions from networks?

6. How to infer and validate edges?

In the following sections, we first introduce proteins and their interactions (Section
1.2), experimental techniques to detect them and the high rate of false-positives and false-
negatives. Section 1.3 covers network descriptions and model fitting. Approaches for the
comparison of networks across species are discussed in Section 1.4, and Section 1.5 discusses
evolution in networks. Community detection, and the identification of relevant sub-structures
in a network, is found in Section 1.6, and Section 1.7 contains prediction using network
structure as well as validation and inferring of edges. We conclude with a brief overview of
current and future research directions.

1.2 Proteins and their interactions

Proteins are the most versatile macromolecules in living systems and serve crucial functions
in most biological processes. For example, they function ascatalysts, transport and store other
molecules such as oxygen, provide mechanical support and immune protection and control
growth differentiation. Proteins are linear polymers built of monomer units called amino
acids. They fold up into three-dimensional structures thatare thought to be determined by
the sequence of amino acids in the protein polymer (Berg et al. 2006).

1.2.1 Protein structure and function

Due to interactions between the chemical groups on amino acids, a few characteristic
patterns occur frequently within folded proteins. These recurring shapes are called secondary
structure, and they occur repeatedly as they are particularly stable (Br̈and́en and Tooze 1991).
The two most commonly occurring secondary structures are the alpha-helix and the beta
strand. These are both highly regular local sub-structures(Figure 1.1). The term tertiary
structure is used to refer to the three-dimensional structure of a single protein molecule.
This final shape is determined by a variety of bonding interactions between the amino acids.
The tertiary structure of a protein is thought to determine its functionality. Some proteins
also possess quaternary structure which involves the association of two or more polypeptide
chains into a multisubunit or oligomeric protein. The polypeptide chains of an oligomeric
protein may be identical or different.

Figure 1.1 Protein structure : (A) Secondary structure elements and (B) Tertiary structure.

From the biological perspective, the function of a protein is the most important
characteristic, which in turn is determined to a large extent by its structure. Although proteins
can often be classified into functional groups, many proteins can carry out multiple functions
dependent on the cellular context. Some major classifications include enzymes, antibodies,
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transport proteins, hormones, signalling proteins and structural proteins (Berg et al. 2006).
Proteins can interact with each other and with other macromolecules to form complex
assemblies. The proteins within these assemblies often actsynergistically to generate
capabilities not afforded by the individual component proteins. These assemblies include
macromolecular machines that carry out the accurate replication of DNA, the transmission
of signals within cells and many other essential processes.

1.2.2 Protein-protein interactions

Most proteins function through interaction with other molecules, and often these are other
proteins. There is an important distinction between transient and obligate protein interactions.
Many proteins exist as parts of permanent obligate complexes such as multi-subunit enzymes,
which may often fold and bind simultaneously. Other interactions are fleeting encounters
between single proteins or larger complexes. These includeenzyme-inhibitor, hormone-
receptor, and signaling-effector types of interactions. This distinction is not always well
understood, and the classification is sometimes difficult (Mintseris and Weng 2005).

The interactions between proteins are important for many biological functions and operate
at almost every level of cell function including in the structure of sub-cellular organelles, the
transport machinery across the various biological membranes, packaging of chromatin, the
network of sub-membrane filaments, muscle contraction, signal transduction and regulation
of gene expression (Huthmacher et al. 2008). Thus, the elucidation of protein interactions is
a central problem in biology today. Unless we understand thecomplex interaction patterns
of the tens of thousands of proteins that constitute our proteome, we cannot hope to even
attempt to efficiently combat some of the most important diseases, let alone gain an integrated
understanding of the living cell.

1.2.3 Experimental techniques for interaction detection

Given their importance, there has been a surge in studies of protein interactions during the
last decade. Some of the initial experiments focused on small and specific sets of interactions
of interest to a particular research group, and were characterised by repeated observations.
However the sheer scale of the number of possible interactions that proteins in a cell may
undergo soon made researchers worldwide realise that thereare probably more different
possible interactions than there are researchers in the field. Thus, high throughput approaches
for the elucidation of protein-protein interactions have rapidly gained appreciation.

A few of the most popular and widely used experimental techniques are summarised
below. These approaches differ widely in the quality and quantity of interaction data reported.
Moreover, large scale studies using these methods show little overlap with each other.

Yeast two hybrid

The two-hybrid system is a genetic method that uses transcriptional activity as a measure of
protein-protein interaction (Chien et al. 1991). Two hybrid proteins are created: one is a bait
protein of interest fused to a DNA-binding domain and the other is a prey protein fused to
a transcription activation domain. These two hybrids are then expressed in a cell containing
one or more reporter genes. If the bait and prey proteins interact, this can be detected by
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expression of the reporter genes. While the assay has been generally performed in yeast cells,
it works similarly in mammalian cells. If all proteins in a genome are treated as prey and bait
in pairwise tests, all possible interactions can be probed.The main criticism applied to the
yeast two-hybrid screen of protein-protein interactions is the possibility of a high number of
false positive (and false negative) identifications. The exact rate of false positive results is not
known, but estimates are between 35 and 70% (Hart et al. 2006).

Tandem affinity purification

The two-hybrid system uses binary combinations to explore the interaction space of a set of
proteins. A different strategy to solve this problem is to purify all protein complexes from a
living cell, subsequently characterizing their constituent parts. This is the strategy that lies
at the heart of tandem affinity purification (TAP)-tagging approaches. First the nucleotide
sequence encoding the TAP tag is inserted at the end of the open reading frame to be
investigated. A column with immunoglobulin beads would retain the TAP-tagged protein and
associated complexed proteins. The complex is then purifiedand separated to its constituent
protein parts and analysed on a mass spectrometer (Puig et al. 2001). With the help of
software, peptide sequences and protein identities are obtained from mass spectrometry.
Compared to the yeast two hybrid system, TAP is thought to have lower false negative rates
(15%), and a false positive rate of 35% (Hart et al. 2006).

Co-immunoprecipitation

One of the most common and rigorous demonstrations of protein-protein interaction is
the co-immunoprecipitation (Co-IP) of suspected complexes from cell extracts. Co-IP
confirms interactions utilising a whole cell extract where proteins are present in their
native conformation in a complex mixture of cellular components that may be required
for successful interactions. An antibody specific to the bait protein is used to extract the
complex of interest. This complex is purified and then evaluated using SDS-PAGE followed
by Western blotting with specific antibodies (Phizicky and Fields 1995). Although very
accurate, Co-IP can only determine the interaction betweenone pair of proteins at a time.

1.2.4 Computationally predicted data-sets

Parallel to experimental efforts, a number of computational methods have been developed
for the prediction of protein interactions. Complete genome sequencing projects provide
the vast amount of information needed for these analyses. The methods utilize the genomic
and biological context of genes in complete genomes to predict functional linkages between
proteins. Given that experimental techniques remain expensive, time-consuming, and labour-
intensive, these methods represent an important advance inproteomics.

One of the first methods for predicting protein-protein interactions from the genomic
context of genes utilizes the idea of co-localisation, or gene neighbourhood. Such methods
exploit the notion that genes which physically interact (orare functionally associated) will be
kept in close physical proximity to each other on the genome (Bowers et al. 2004; Overbeek
et al. 1999; Tamames et al. 1997). This method has been successfully used to identify new
members of metabolic pathways (Dandekar et al. 1998).
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Another method exploits the co-occurrence of homologous pairs of genes across multiple
genomes. The fact that a pair of genes remains together across many disparate species
represents a concerted evolutionary effort that suggests that these genes are functionally
associated or physically interacting. The analysis of phylogenetic context in this fashion has
been termed phylogenetic profiling (Pellegrini et al. 1999). This method has been used not
only to infer physical interaction, but also to predict the cellular localisation of gene products
(Bowers et al. 2005; Marcotte et al. 2000).

Methods using the analysis of gene fusion across complete genomes have also been
proposed (Enright et al. 1999; Marcotte et al. 1999). A gene fusion event represents the
physical fusion of two separate parent genes into a single multi-functional gene. This is
the ultimate form of gene co-localisation as interacting genes are not just kept in close
proximity on the genome, but are also physically joined intoa single entity (Skrabanek et al.
2008). These events are detected by cross-species sequencecomparison and provide a way
to computationally detect functional and physical interactions between proteins. Although
the method is not generally applicable to all genes, it has been shown to have an accuracy
as high as 90% and has been successfully applied to a large number of genomes, including
eukaryotes (Enright and Ouzounis 2001).

It must be noted that all of these methods use some experimental data sources and as a
result, they all suffer from the limitations of experimental approaches and incompleteness of
observed data. Moreover, many of these techniques detect functional associations between
proteins that do not necessarily indicate physical interactions.

1.2.5 Protein interaction databases

As a consequence of the experimental and computational approaches providing data about
interacting proteins on a genome- and proteome-wide scale,several research groups have
made an important effort in designing and setting up databases. The interaction data in these
databases usually results from the integration of diverse data sets. Public databases of protein
interactions include:

• Biomolecular Interaction Network Database - BIND (Bader etal. 2001);

• Database of Interacting Proteins - DIP (Xenarios et al. 2002);

• General Repository for Interaction Datasets - GRID (Breitkreutz et al. 2003);

• Molecular Interactions Database - MINT (Zanzoni et al. 2002);

• Search Tool for the Retrieval of Interacting Genes/Proteins - STRING (Mering et al.
2003);

• Human Protein Reference Database - HPRD (Keshava Prasad et al. 2009).

The structure and type of data that these databases contain is similar, but not identical. Most
of these databases contain protein-protein interaction data only, though MINT and BIND
also feature interactions involving non-protein entitiessuch as promoter regions and mRNA
transcripts. DIP is probably the most highly curated database of protein interactions. Curation
in DIP is carried out manually by experts and also automatically using computational
approaches.

The sheer volume of interaction data available in these databases poses many challenges
along with opportunities. On the one hand, such large scale data can enable one to infer
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large scale properties of cellular systems. On the other hand, the data has to be presented and
analyzed in a manageable framework.

1.2.6 Error in PPI data

Recent estimates suggest that the full yeast protein-protein interaction network contains
37,800-75,500 interactions and the human network 154,000-369,000 (Hart et al. 2006), but
owing to a high false negative rate, current experimental data sets are roughly only 10 to 50
percent complete. Analysis of yeast, worm, and fly data indicates that 25 to 45 percent of the
reported interactions are likely false positives (Huang etal. 2007). Membrane proteins have
higher false-discovery rates on average, and signal transduction proteins have lower rates.
The overall false-negative rate ranges from 75 percent for worm to 90 percent for fly, which
arises from a roughly 50 percent false-negative rate due to statistical under-sampling and a
55 to 85 percent false-negative rate due to proteins that appear to be systematically lost from
the assays (Huang et al. 2007).

Error rates for large-scale PPI datasets can estimated computationally using methods
like the expression profile reliability (EPR) index and paralogous verification method
(PVM) (Deane et al. 2002). The EPR index estimates the biologically relevant fraction
of protein interactions detected in a high throughput screen. It does so by comparing the
RNA expression profiles for the proteins whose interactionsare found in the screen with
expression profiles for known interacting and non-interacting pairs of proteins. PVM judges
an interaction likely if the putatively interacting pair has paralogs that also interact. More
recent methods such as IG1, IG2 (Saito et al. 2002, 2003) and IRAP (Chen et al. 2005) use
network structure in assessing individual interaction reliabilities.

Current PPI networks are, therefore, a sample of the complete network. Biases in sampling
could lead to even more drastic differences between the complete network and the sub-sample
that we observe. Even data derived from high-throughput studies are not an unbiased sample
of the complete network; rather, they are biased toward proteins from particular cellular
environments, toward more ancient, conserved proteins andtoward highly expressed proteins
(von Mering et al. 2002). Current interaction maps represent the first steps on the way to
accurate networks, and should continue to improve in accuracy and sensitivity with time.

1.2.7 The interactome concept and protein interaction networks

The compendium of all molecular interactions present in cells is called theinteractome.
When spoken in terms of proteomics, interactome refers to theentire set of protein-protein
interactions for a species. Due to limitations of current knowledge, the experimentally and
computationally determined set of protein interactions available in databases is a subset of
the real interactome. Still, the sheer number of known protein interactions makes even the
simplest analysis a difficult task. It has therefore become routine to represent this data in
the form of protein interaction networks. A protein interaction network can summarize large
amounts of interaction data in the form of graphs, with proteins as nodes and interactions
as edges. The networks are undirected, and may be weighted. The weights of the edges
could represent the confidence level for the interaction (typically based on the experimental
or computational method used to detect that particular interaction). A distinct advantage of
such a representation is the visual and computational ease in detecting higher level structures
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in interaction data. For instance, many biological processes are a result of more than two
proteins acting in sequential pathways or simultaneously forming multi-protein complexes,
which can be identified relatively easily in a network.

1.3 Network analysis

Computational analysis of PPI networks makes extensive useof graph theoretical techniques
and concepts from literature on random networks. In the following sections, we introduce
some basic terminology and present several methods as well as models for network analysis.

1.3.1 Graphs

A graph consists ofnodes(also calledvertices) andedges(also calledlinks). Nodes may
possess characteristics which are of interest (such as protein structure or function). Edges
may possess different weights, depending on for example, the strength of the interaction or
its reliability. Mathematically, we abbreviate a graph asG = (V,E), whereV is the set of
nodes andE is the set of edges. We use the notation|S| to denote the number of elements
in the setS. Then|V | is the number of nodes, and|E| is the number of edges in the graph
G. If u andv are two nodes and there is an edge fromu to v, then we write that(u, v) ∈ E,
and we say thatv is a neighbourof u; andu andv areadjacent. If both endpoints of an
edge are the same, then the edge is aloop. In general in PPI networks, we exclude self-loops
as well as multiple edges between two nodes. Edges may bedirectedor undirected; here
we shall mainly deal with undirected edges. While some authors assume that, in contrast to
graphs,networksare connected, here we make no such assumption and use the terms graph
and network interchangeably.

1.3.2 Network summary statistics

Although large networks are typically high dimensional andcomplex objects, many of their
important properties can be captured by calculating relatively simple summary statistics. One
of the most is the average degree. Thedegreedeg(v) of a single nodev is the number of edges
which are adjacent tov. Theaverage degreeof a graph is then the average of its node degrees.
In protein interaction networks it has been found that the vast majority of nodes have low
degrees, whereas a few nodes are highly connected (Figure 1.2). This apparent similarity to
the power law distribution prompted the popular classification of PPI networks asscale-free
(Barabasi and Oltvai 2004; Jeong et al. 2001), although subsequent studies have challenged
this view (de Silva et al. 2006; Lima-Mendez and van Helden 2009; Tanaka et al. 2005).
The clustering coefficientfor a graph measures the tendency of the formation of tightly
connected groups of nodes. Two versions of the clustering coefficient are in use: The global
clustering coefficient is defined as the number of closed triplets of nodes in the network
divided by the total number of triplets. The local clustering coefficient is defined for single
nodes and is defined as the number of links existing between the neighbours of node divided
by the total number of possible links; for nodei with ki neighbours in its setNi of neighbours,
the clustering coefficientCi is

Ci =
2|{(vj , vk) ∈ E : vj , vk ∈ Ni}|

ki(ki − 1)
.
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Theshortest path length andaverage shortest path lengthof a graph are also commonly used
summary statistics, where path length is defined as the number of edges traversed to reach
a target node from a source node. Other popular summaries include thebetweenness of an
edge (or node)which counts the proportion of all the shortest paths in the network which
pass through this edge (or node). For a comprehensive reviewof graph summary statistics,
see for example Luciano et al. (2007).

Figure 1.2 Frequency of node degrees (k) in the yeast DIP network (accessedJuly 2010)

A comparison of yeast and human interaction networks indicates very similar clustering
and path-length statistics, despite the difference in size(Table 1.1). To judge whether these
difference are significant, network models are needed (see Section 1.3.4).

Table 1.1 Summary statistics for yeast DIP and human HPRD
protein interaction networks. Data downloaded from DIP and HPRD
on 15 July 2010.

Summary Statistic Yeast DIP Human HPRD

Nodes 4823 12937
Edges 17471 43496
Avg. Degree 6.10 6.72
Avg. Clustering Coefficient 0.1283 0.1419
Avg. Shortest Path 4.14 4.40

1.3.3 Network Motifs

In addition to considering general graph summary statistics, it has proven fruitful to describe
the smaller-scale structure of networks in terms ofsubgraphsand motifs. Given a graph
G = (V,E), a subgraphGS = (VS , ES) consists of a subset of nodesVS ⊆ V and a subset
of edgesES ⊆ E connecting the nodes ofVS in the original graph. The subgraph induced by
VS is the subgraphGS that includes all the edges ofG which connect the vertices ofVS . A
motif is commonly defined as a subgraph with a fixed number of nodes and a given topology
that appears more often in a graph than expected by chance. The over-representation of a
subgraph is established on the basis of its frequency compared to the average frequency
of the same subgraph in a set of random networks (either basedon a suitable model or
generated by shuffling the the edges of the original network while keeping the same degree
distribution). A motif of sizek, i.e. containingk nodes, is called ak-motif. As the number of
possiblek-motifs grows very fast withk, only small sizek-motifs have been studied in PPI
networks. The two most commonly studied motifs in the context of PPI networks arecliques,
i.e. complete subgraphs, andk-cores, i.e. graphs where every node has the degree at leastk.
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The enumeration of cliques andk-cores in particular has been used as a method of detecting
protein complexes and functionally related proteins in protein interaction networks. Apart
from PPI networks, motifs have also been found to be present in gene regulatory, metabolic
and transcription networks (Alon 2006).

Figure 1.3 Some examples of motifs: (A) Line, (B) Triangle, (C) Square and (D) 5-node clique

There is a large body of literature on network models in different fields from physics to
sociology to the internet and biology (Alm and Arkin 2003; Dorogovtsev and Mendes 2003;
Wasserman and Faust 1995). In the next section, we present some random network models
used to model protein interaction networks. Unfortunately, for some research questions none
of these models provide a good fit for the data (Rito et al. 2010). Yet there may be research
areas or new data which make these models relevant.

1.3.4 Models of random networks

In order to judge whether a network summary is ”unusual” or whether a motif is ”frequent”,
there is an underlying assumption of randomness in the network. To understand mechanisms
which could explain the formation of networks, mathematical models have been suggested.
The main models, discussed elsewhere in this volume, are firstly Bernoulli or Erd̋os-Renyi
(ER) random graphs(Erdos and Renyi 1960), with a finite node set and independent
identically distributed edges; a variant is the random graph modelG(n,m) with n nodes and
m edges chosen uniformly at random from all

(

n
2

)

= 1
2n(n − 1) possible edges.Barab́asi-

Albert (BA) models(Barabsi and Albert 1999) start with a small complete graph;new nodes
attach to existing nodes with probability proportional to (a power of) the degree of the
existing node, resulting in an asymptotic power-law degreedistribution.Erdős-Renyi Mixture
Graphs, also known aslatent block modelsin social science (Nowicki and Snijders 2001)
assume that nodes are of different types, edges are independent, and the probability for
an edge varies depending on the type of the nodes at its endpoints. Another set of models
are exponential random graph (p∗) modelswhere all edges of the network are modelled
simultaneously, making it easy to incorporate dependence.A variation of the ER model is an
ER graph with fixed degree distribution, abbreviatedER-DD. For a given real graph as input,
an ER-DD graph is constructed to have not only the same numberof nodes and edges as the
input graph, but also the same degree distribution. Finally, geometric random graph models
(GEOdD) have also been proposed (Penrose 2003), which are constructed by droppingn
nodes randomly uniformly into the unit square (or more generally according to some arbitrary
specified density function ond-dimensional Euclidean space) and adding edges to connect
any two nodes distant at mostr from each other.

The above models were initially proposed in non-biologicalcontexts. While studies
suggest that they are able to reproduce some coarse properties of biological networks, it
is difficult to relate their growth mechanisms to real biological systems. This has led to the
proposal of models specifically aimed at protein interaction networks. For instance, although
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the Barab́asi and Albert class of models proposes a preferential attachment rule resulting
in a power-law degree distribution observed in protein interaction networks, the underlying
reason for preferential attachment is unclear. A more biologically plausible mechanism is
geneduplication and divergence(DD) (Ispolatov et al. 2005a), where nodes are randomly
selected and copied along with their links (Figure 1.4). In the DD model, the degree of a
node increases mainly by having duplicate genes as its neighbours. Therefore, the preferential
attachment rule is achieved implicitly, with highly connected nodes having more chance to
have duplicate genes as their neighbours. DD models have been shown to closely model
the degree distribution observed in real protein networks (Evlampiev and Isambert 2007).
The DD model is also shown to generate hierarchically modular networks under certain
conditions. If self-interactions (homo-oligomers) are taken into consideration, the DD model
gives rise to networks with patterns of clustering and abundance of cliques similar to those
found in natural networks (Ispolatov et al. 2005b).

Figure 1.4 Duplication divergence model. The duplicate node (blue) loses some of the original links
and creates new links.

While the basic duplication divergence model remains by far the most widely accepted one
in protein interaction network literature, some recent studies have proposed enhancements
such as mixture models combining DD and preferential attachment (Ratmann et al. 2007).
Alternatives to the DD model have also been investigated, including a crystal growth model
that captures the age-dependency of interaction density inthe yeast interaction network along
with hierarchical modularity (Kim and Marcotte 2008).

1.3.5 Parameter estimation for network models

In most of these models it is necessary to estimate parameters. In ER graphs, where the
unknown parameter is the edge probability, this probability can be estimated using standard
maximum likelihood, yielding thegraph densityas an estimate. The graph density is the
number of edges that are present in the network, divided by the total possible number of
edges in the network. In theG(n,m) version, once the number of nodes and the number
of edges are observed, no parameters are to be estimated. In Barab́asi-Albert models, the
parameter include the power exponent for the node degree, asoccurring in the probability
for an incoming node to connect to some node already in the network, and the size of
the initial complete graph. Estimation depends on the precise model formulation - the
general Barab́asi-Albert model does not specify the joint distribution ofedges. In exponential
random graphs, unless the network is very small, maximum-likelihood estimation quickly
becomes numerically unfeasible. Instead, Markov chain Monte Carlo estimation is employed.
Unfortunately in exponential random graph models it is known that in some small parameter
regions the stationary distribution of the Markov chain is not unique.

To assess the model fit, the distribution of a network statistic under the model of choice can
be used to see whether the observed value of the network statistic is unusual. This could be
carried out by establishing the (asymptotic) distributionof the network statistic of choice and
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finding thep-value of the observed statistic, or by using Monte Carlo tests. For example, Lin
and Reinert (2009) showed that in ER graphs and generalisations which include Erd̋os-Renyi
mixture graphs, the number of triangles and the number of squares are asymptotically Poisson
distributed if the edge probabilities are small, and asymptotically normally distributed when
the edge probabilities are moderate, with non-trivial covariance matrix.

As full-likelihood based parameter estimation is often computationally intractable for
even moderate-sized networks and relatively simple evolutionary models, studies of protein
network growth models have mostly been restricted to comparing the observed degree
distribution to a probability model for the degree distribution. Ratmann et al. (2007)
developed a novel, model-based approach for Bayesian inference on biological network
data that centres onApproximate Bayesian Computation(ABC; see Section 1.3.6). Instead
of computing the intractable likelihood of the protein network topology, their method
summarizes key features of the network and then uses a MCMC algorithm to approximate
the posterior distribution of the model parameters. This was used to fit a mixture model
that captures network evolution by combining preferentialattachement and duplication
divergence with attachment, to data fromHelicobacter pyloriandPlasmodium falciparum.

Fitting this above model using ABC indicated that gene duplication has played a larger
part in the PPI network evolution of the eukaryote than in theprokaryote.

1.3.6 Approximate Bayesian Computation

In standard Bayesian inference the posterior distributionfor a parameterθ is given by

P (θ|D) ∝ P (D|θ)π(θ).

Hereπ is the prior distribution forθ, D are the data, andP (D|θ) is the likelihood of the
data D given the parameterθ. When simulating from sufficiently complex models and
large data sets, the probability of happening upon a simulation run that yields precisely
the same dataset as the one observed will be very small, oftenunacceptably so. This is
especially true in the case of network data, where it is nearly impossible to simulate a network
with exactly the same topology as the data-set. The explicitevaluation of the likelihood
P (D|θ) is avoided inApproximate Bayesian Computation (ABC)approaches by considering
distances between observations and data simulated from a model with parameterθ. Rather
than considering the data itself, we consider a summary statistic of the data,S(D), and use a
distance∆(S(D), S(X)) between the summary statistics of real and simulated data,D and
X, respectively. The generic ABC approach to infer the posterior probability of a parameter
θ is as follows:

1. Sample a candidate parameter vectorθ∗ from some proposal distribution.

2. Simulate a dataset X from the model with parameterθ∗.

3. If ∆(S(D), S(X)) < ε then acceptθ∗ as a sample from the posterior.

For ε sufficiently small, the ABC procedure should deliver a good approximation to the true
posterior, in particular if the summary statistic S is a sufficient statistic of the probability
model. If sufficient statistics do not exist or are hard to obtain, setting up a satisfying and
efficient ABC approach can be challenging.
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The generic procedure outlined above can be computationally inefficient but ABC
procedures can be combined with standard computational approaches used in Bayesian
inference such as Markov chain Monte Carlo and sequential Monte Carlo. In these
frameworks ABC can be used to tackle otherwise computationally intractable problems. For
a review of ABC see for example Beaumont (2010).

1.3.7 Threshold behaviour in graphs

It is widely believed that there is a correspondence betweentopological motifs or subgraphs
in PPI networks and biologically relevant functional modules (Bachman and Liu 2009;
Hartwell et al. 1999; Spirin and Mirny 2003). Thus rigorous theoretical studies of the
conditions under which certain subgraphs might arise are ofgreat interest. For a graph
G(n,m) with n nodes andm edges, many theoretical properties change dramatically ina
narrow range ofm, which lead to the concept of threshold functions (Erdos andRenyi 1960).
Let Gn,f(n) be a family of random graphs induced byn number of nodes andf(n) a function
that gives edges according to the specific model. IfQ is a graph property,P (Q) denotes the
probability thatGn,f(n) has or belongs toQ. We say that almost every graph inGn,f(n) has
the propertyQ if P (Q) → 1 asn → ∞. For a given monotone increasing propertyQ (such
as the appearance of a certain subgraph), we define a threshold functiont(n) for Q as any

function which satisfiesP (Q) → 0 if
f(n)

t(n)
→ 0 andP (Q) → 1 if

f(n)

t(n)
→ ∞.

Threshold functions for the ER model are not unique althoughthey are so within certain
factors (Bollobas 2001). For the ER modelG(n,M(n)), with f(n) = M(n) it is possible to
show that the threshold function for the property of containing a fixed, non-empty graphF is
n2−2/m, wherem = m(F ) is the maximum average degree ofF (Bollobas 2001).

For the ER modelG(n,M(n)) it is possible and more informative to calculate the graph
density such that the expected number of copies of a given subgraphF is approximately 1.
For a subgraph onv vertices withe edges, the approximate expected count for the subgraph

under the ER modelG(n,M(n)) with ρ = ρ(n) =
M(n)
(

n
2

) is

E(number of occurrences) = λ :=

(

n

v

)

ρe(1 − ρ)(
v

2)−e ∼ nvρe/v!,

for smallρ. When the number of occurrences is well approximated by a Poisson process, as
in the case for balanced graphs,P (no occurrence of subgraph) ∼ 1 − e−λ ∼ λ and hence
the threshold function and the expectation formula coincide.

Threshold functions for other models are not so well understood, but Goel et al. (2005)
have shown that every monotone graph property has a threshold in geometric random
graphs, generalising a similar result by Friedgut and Kalai(1996) for ER graphs. One can,
nonetheless, calculate approximate threshold values for the appearance of induced graphlets
with k vertices. This is based on the fact that for a random geometric graph placed in
R

d with n vertices and a radiusr, the k-vertices subgraph count satisfies a Poisson limit
when the productnkrd(k−1) tends to a finite constant (Penrose 2003). Choosingr such that
nkrd(k−1) = 1 then gives an approximate threshold value. To translate this valuer into a
graph density, we use that the radiusr can be related to the expected average degreeα by
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using the gamma functionΓ(x) (Dall and Christensen 2002),

r =
1√
π

[

α

n
Γ

(

d + 2

2

)]1/d

. (1.1)

Usingr such thatnkrd(k−1) = 1 and solving forα in (1.1) approximates the threshold graph
densityρ asρ = αn/2

(

n
2

)

.
While threshold behaviour has been almost exclusively studied in theoretical models so far,

in a recent paper Rito et al. (2010) show that PPI networks aresituated in a region of graph
density close to the threshold behaviour in ER and GEO3D models. Yeast has about 6600
protein-coding genes and is predicted to have about 25000-35000 interactions (Stumpf et al.
2008); such a network would have a graph density between 0.0011 and 0.0016. For human,
estimates of about 25000 genes (Human Genome Project) and 650000 interactions (Stumpf
et al. 2008) would also lead to graph densities around 0.002.Both these networks would be
placed in the threshold region for the appearance of specifictypes of motifs under the ER
model. As the authors subsequently show, GDDA (see Section 1.4.1) which is a widely used
measure of fit between interaction datasets and theoreticalmodels, is unstable in this very
region. It is conjectured that this instability in model fitting could be a consequence of the
threshold for specific motifs appearing in the networks.

1.4 Comparison of protein interaction networks

So far we have discussed analysis techniques for single networks. The availability of
interaction data for multiple species also opens up the opportunity for comparative
techniques. Current research in the comparison of networksfollows two generally separate
streams: (1) Comparing experimental networks to theoretical models in order to assess
the fit, and, (2) comparison of experimental networks acrossmultiple species to identify
conservation at systems level. Here we concentrate on usingsubgraph counts for the first
problem, and network alignment for the second problem. Indeed the second problem itself
is also referred to asnetwork alignmentas it is essentially a graph-matching problem.
While there has been much work done and many algorithms proposed recently for network
alignment, some of which we discuss later in this section, not many measures exist to measure
the agreement between experimental data and theoretical network models.

1.4.1 Network comparison based on subgraph counts

One possible way to compare empirical and model generated networks is by quantifying their
similarity in terms of abundance of specific classes of subgraphs. GraphCrunch (Milenkovic
et al. 2008) is an open source software tool that compares large real-world networks with
random graph models. These are automatically generated to have the same number of nodes
and edges (to within 1%) as those of the real-world network being compared. (This is
approximate; with a 12-star as input, GraphCrunch generates ER-DD graphs with 10, 11
and 12 edges.) As well as many global standard properties, the software supports the local
statisticsRGF-distance(Przulj et al. 2004) andGDDA(Przulj 2007). RGF-distance compares
the frequencies of the appearance of all 3 to 5-node subgraphs in two networks. The networks
being compared by GraphCrunch always have the same number ofnodes as well as edges,
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and thus the frequencies of occurrence of the only 1-node subgraph, a node, and the only
2-node subgraph, an edge, are also taken into account by thismeasure. GDDA uses orbit
degree distributions, which are based on the automorphism orbits of the 29 subgraphs on 2 to
5 vertices, as follows. Automorphisms are edge-preservingbijections from a graph to itself,
and together they form a permutation group. An automorphismorbit is a node that represents
this group (Figure 1.5). Within the 29 subgraphs, 73 different orbits can be found and each
one will have an associated orbit degree distribution.

Figure 1.5 Some subgraphs and their automorphism orbits (Rito et al. 2010).

An orbit i from subgraphGj has orbit degreek in the graphG if there arek copies of
Gj in G which involve orbiti. Let dj

G(k) be the sample distribution of the node counts for
a given orbit degreek in a graphG and for a particular automorphism orbitj. This sample
distribution is then scaled by1/k in order that large degrees do not dominate the score, and
normalise d to give a total sum of1,

N j
G(k) =

dj
G(k)/k

∑∞
l=1 dj

G(l)/l
.

The comparisonDj(G,H) of two graphs G and H with respect to orbitj is simply the
Euclidean distance between the two scaled and normalise d vectorsN , which is scaled by
1/
√

2 to be between0 and1, as pointed out in Przulj (2010); the resulting expression is

Dj(G,H) =
1√
2

(

∞
∑

k=1

[N j
G(k) − N j

H(k)]2

)1/2

.

This is then turned into an agreement by subtracting from1, and the agreements are combined
into a single value by taking the arithmetic mean over allj, yielding the GDDA,

GDDA =
1

73

72
∑

j=0

(1 − Dj(G,H)).

According to Przulj (2007), a perfect score can be achieved when comparing networks of
the same random model type; for example generate a network from an ER model with given
number of edges and nodes, and compare it to other randomly generated ER models with the
same parameters. Przulj (2007) found the mean GDDA of comparing ER versus ER, ER-DD
versus ER-DD or GEO3D versus GEO3D to be 0.84± 0.07, where 0.07 denotes one standard
error. This was updated in Przulj (2010) where they found thehighest score for two GEO3D
networks to be 0.95± 0.002.

However, Rito et al. (2010) found that GDDA values have not only striking differences
amongst different model types but also a pronounced dependency on the number of vertices
of the network. For a specific graph, drawn from one model typeand with a fixed number
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of vertices, they also observed a strong dependency of the GDDA score with graph density
when comparing to graphs of the same type and with the same number of vertices (Figure
1.6). Furthermore, these dependencies are not monotone. They propose a new protocol where
several same model versus model comparisons with roughly the same number of vertices and
edges should be carried out in order to assess the best obtainable score for this specific case.
GDDA should then be calculated between the query network andgraphs from the model
network. Model fit can be evaluated by gauging the differences between the distributions
of agreement scores resulting from query network versus model and model versus model
comparisons, for example by using a Monte Carlo test.

Figure 1.6 Dependency of GDDA for model versus model comparisons on the number of vertices
and edges of a network. GDDA of ER versus ER (A) and GEO3D versusGEO3D (B) graphs with
500, 1000 and 2000 vertices are plotted against graph density (Rito et al.2010). The arrows indicate
thresholds for the appearance of the subgraphsG1 up toG29 for ER, and for the appearance of triangles
in GEO3D.

1.4.2 Network alignment

Research in cross-species network comparison, or network alignment has been spurred on by
the introduction of theinterologconcept. An interolog is a conserved interaction between a
pair of proteins which have interacting orthologs in another organism, where orthologs are
proteins descended from a common ancestor. The evidence forthe existence of such protein
interactions that are conserved across species is increasing. Proteins in the same pathway
have been found to be present or absent in a genome as a group (Kelley et al. 2003; Pellegrini
et al. 1999), and many protein interactions in the yeast network have also been identified for
the corresponding protein orthologs inC. elegans(worm), see Matthews et al. (2001). These
discoveries have led to research directed at identifying conserved complexes and functional
modules through network alignment, analogous to traditional sequence alignment (Dandekar
et al. 1999; Kelley et al. 2004; Ogata et al. 2000). Given two or more networks the aim of
network alignment algorithms is to identify sets of interactions that are conserved across the
networks. This alignment is achieved by first identifying a mapping between the nodes of
two or more networks based on some biological information, usually sequence similarity.
This step is followed by the actual alignment process, incorporating concepts from graph
matching where the goal is to maximise the overlap in the interaction patterns of mappable
nodes (Figure 1.7). The premise is that patterns of interactions which are conserved across
species have biological significance and hence are more likely to correspond to real protein
complexes or functional modules. The large and ever-increasing size of interaction datasets
(typically >5000 nodes and>25000 edges) combined with the fact that graph matching is
an NP-hard problem, makes network alignment a computationally challenging problem.

One of the earliest network alignment algorithms, NetworkBlast (Sharan and Ideker 2006)
carries out alignment by first defining an alignment graph where each node represents
a set of orthologous proteins based on sequence similarity.The edges in the alignment
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Figure 1.7 Pair-wise network alignment of two graphsG andG‘. Dotted red lines indicate homology.

graph represent conserved interactions. A search is then usually carried out over this
alignment graph for high scoring subgraphs. NetworkBlast has been used to perform three-
way comparisons of yeast, worm and fly which yielded conserved modules displaying good
overlap with MIPS (Mewes et al. 2004) complexes.

Graemlin (Flannick et al. 2006) uses progressive pair-wisealignments to compare multiple
networks. Graemlin’s probabilistic formulation of the topology-matching problem eliminates
restrictions on the possible architecture of conserved modules such as those imposed by
NetworkBlast. However it requires parameter learning through a training set of known
alignments. The sensitivity of the method was assessed by counting the number of KEGG
(Kanehisa and Goto 2000) pathways in the alignments. The KEGG coverage of the alignment
results was between 21 and 39%. In terms of speed, it far outperforms NetworkBlast with a
running time approximately linear to the number of networks.

Other alignment algorithms have tried to take into account the evolutionary forces shaping
the interaction networks. For example, MaWISH (Koyuturk et al. 2006), which implements
a duplication divergence model to carry out pair-wise network alignment. More recently an
evolutionary based multiple network alignment algorithm CAPPI (Dutkowski and Tiuryn
2007) was developed which tries to reconstruct the ancestral network for the input species
and maps it back onto the extant networks to identify common modules. Graemlin 2.0
(Flannick et al. 2008) is also a multiple network aligner, with a scoring function that can
use evolutionary events.

Some recent network alignment methods proposed recently include IsoRank (Singh et
al. 2008) and IsoRankN (Liao et al. 2009), GNA and PATH (Zaslavskiy et al. 2009)
and DOMAIN (Guo and Hartemink 2009). DOMAIN is the first algorithm to introduce
protein domains into the network alignment problem and usesa novel direct-edge-alignment
paradigm to directly detect equivalent interaction pairs across species. It should be noted
that global network alignment methods such as IsoRank and GNA do not directly address
the conserved module detection problem, and focus on findingthe best node-to-node match
across the entire networks.

1.4.3 Using functional annotation for network alignment

A common theme of the studies described above for protein interaction network alignment is
the use of protein sequence similarity to map orthologous proteins across different species.
However, this does not necessarily provide a complete picture of orthologous relationships
in the context of interaction networks. When aligning networks from species that are very
distant in evolutionary terms, the proteins may not displayenough sequence similarity to
achieve a reasonable degree of mapping. This would result ina severely restricted alignment
graph that may miss biologically conserved regions in the networks. Ali and Deane (2009)
explored the possibility of using a different measure of protein similarity. Since the goal of
alignment is to extract modules that correspond to specific biological processes, functional
similarity of proteins across networks was employed to aid alignment.
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To be useful for network alignment, a subjective concept like functional similarity must be
expressed in a quantitative form that reflects the closenessin the biological functions of the
proteins being compared. Functional annotation of proteins is an ongoing scientific activity
and one of the most widely used resources is Gene Ontology or GO (Ashburner et al. 2000).
GO offers substantial coverage of major protein databases and provides a species-specific,
structured set of terms describing gene products. A simple measure of functional similarity
was used which is based on the most specific and hence most informative GO annotation of
each protein. For simplicity they focussed only on the Biological Process category of GO,
the method being identical for the other top categories of Molecular Function and Cellular
Component. Let there be a total ofN proteins in the dataset under consideration and the GO
functional annotation of each protein be defined as a set of termsSA. Define a multi-set of
sizen as a pair(S, σ) whereσ : S → N, with the conditions:

S =
⋃

A∈N

SA ,
∑

y∈S

σ(y) = n.

Here,σ is a function that maps a GO term to the number of times it occurs in the dataset.
Terms having fewer proteins annotated to them occur less frequently in the dataset and are
thus classified as more specific. For any two proteinsA andB with annotation setsSA and
SB , the functional similarity score(funsim) was then calculated as follows:

funsim(A,B) = maxt∈SA∩SB

(

1 − σ(t)

n

)

.

The above scoring scheme assigns higher functional similarity to protein pairs that share
more specific GO annotations. It should be noted that other, more sophisticated scoring
schemes for functional similarity based on GO are possible.Several measures of functional
similarity have been proposed in recent years making use of the information content of GO
terms as well as the semantics (is a, part of) of the GO relationships (Resnik 1995; Schlicker
et al. 2006).

In the study by Ali and Deane (2009), function-based alignment using the above similarity
score was successful in uncovering a larger number of proteins participating in conserved
interactions than sequence-based alignment. The human network used for the study contained
9305 proteins and 35458 interactions while the yeast network contained 4941 proteins and
17387 interactions. As shown in Table 1.2, the number of conserved interactions discovered
in the human network (aligned to yeast) increased from 612 (between 457 unique proteins) to
1034 (between 727 unique proteins). Moreover, the two sets share only 58 proteins (<15%),
indicating that the interactions targeted by the two methods are nearly disjoint. Sets of
conserved interactions detected using function based alignment also displayed higher overlap
with experimentally detected complexes in the MIPS database.

As can be seen, despite the development of increasingly sophisticated network alignment
methods, conserved interactions detected between model organisms constitute only a tiny
fraction of existing data-sets. Taking into account that some of the detected conserved
interactions will be due purely to chance, such low evolutionary conservation at the
interactome level is quite surprising and warrants more attention.
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Table 1.2 Comparison of sequence and function based alignment of the yeast and
human PPI networks.

Alignment No. No. MIPS MIPS Functional
Method Interactions Proteins Coverage Accuracy Coherence

Seq. based 612 457 96 0.18 0.36
Func. based 1034 727 126 0.24 0.51
MaWISH 596 543 83 0.1 0.32

Results are also compared to sequence based alignment using the MaWISH algorithm.

1.5 Evolution and the protein interaction network

Related intimately to the problem of cross-species networkalignment is the study of likely
factors underlying network evolution. Many models have been proposed for the growth of the
protein interaction network, some of which (namely duplication-divergence and geometric
evolution) are discussed in Section 1.3.4. In terms of underlying mechanisms, evolution at
the network level is thought to be a consequence of protein evolution. Errors in replication
can result in a change in copy number of proteins, from individual genes being duplicated or
lost (Zhang June 2003), to the whole genome being duplicated(Kasahara 2007; Scannell et
al. 2007). After a gene duplication event, divergence of function is possible. There are two
main competing models for such divergence: sub-functionalisation (partitioning of ancestral
function between gene duplicates) and neo-functionalisation (the de novo acquisition of
function by one duplicate). Whichever model is chosen, this functional divergence at protein
level can manifest itself in the form of diverging interaction patterns at the network level.
While evolution in PPI networks opens up several research questions including the co-
evolution of interacting proteins and constraints imposedby interactions on protein evolution
(Lewis et al. 2010b), here we focus on one issue: whether network divergence after speciation
can explain the low conservation observed in species-levelnetwork alignments.

1.5.1 How evolutionary models affect network alignment

Alignments of protein interaction networks have found little conservation among several
species (Ali and Deane 2009). This is in sharp contrast to thegenome level sequence
alignments, where even evolutionarily distant organisms share significant portions of their
gene repertoire. While this could be a consequence of the incompleteness of interaction data-
sets and presence of error, an intriguing prospect is that the process of network evolution is
sufficient to erase any evidence of conservation. Ali and Deane (2010) tested this hypothesis
using models of network evolution and also investigated therole of error in the results of
network alignment. Using the duplication divergence and geometric evolution models, pairs
of networks were grown from a single ancestor to the size of current interaction data-sets
for model species. Pair-wise network alignment was then carried out using several different
network alignment algorithms, and a distance metric based on summary statistics was used to
assess the fit between experimental and simulated network alignments (Figure 1.8). Results
indicated that network evolution alone is unlikely to account for the poor quality alignments
given by real data. Alignments of simulated networks undergoing evolution are considerably
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Figure 1.8 Measuring the effect of error and evolution on network alignment (Ali and Deane 2010).

(4 to 5 times) larger than real alignments. The authors also compared several error models in
their ability to explain this discrepancy. For a given errormodel with a single rate parameter
θ, they estimate the posterior density forθ using the following ABC algorithm:

1. Draw(θ1, θ2) ∼ Uniform[0, 1]2.

2. Simulate error in networks (NW1, NW2) using error modelsM(θ1),M(θ2).

3. Align (NW1,NW2) and compute summary vectorS from alignment.

4. Calculate the distanced(S,D) whereD is the summary vector for the real alignment.

5. Acceptθ if d(S,D) ≤ δ.

In the algorithmd is a scaled Euclidean distance between two summary vectors defined as

d(~x, ~y) =

√

√

√

√

N
∑

i=1

(xi − yi)2

σ2
i

.

Using this setup, posterior estimates of false negative rates for the yeast and human protein
networks vary from 20 to 60% dependent on whether current incomplete proteome sampling
is taken into account or not (Figure 1.9). It was also found that false positives appear to
affect network alignments little compared to false negatives indicating that incompleteness,
not spurious links, is the major challenge for interactome-level comparisons.

Figure 1.9 Posterior density for error parameters inH.sapiens(HN) and S.cerevisiae(YN) PPI
networks (Ali and Deane 2010).

1.6 Community detection in PPI networks

In parallel with network comparisons and model fitting, another area with obvious potential
benefits is the automatic detection of functional modules and complexes in PPI data.
Discovering these structures can not only help us better understand the hierarchical
organisation of cellular systems but may also assist in better targeting/design of drugs. Thus a
very active area of research in the computational analysis of PPI networks is related to graph
clustering approaches.

Within the broader networks literature, a great many algorithms have been proposed that
locate dense regions in a network, called communities or clusters (reviewed in Fortunato
2010; Porter et al. 2009). Acommunityis loosely defined as a group of nodes that are
more closely associated with themselves than with the rest of the network. In the context
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of biological networks, such communities are potentially good candidates for functional
modules, and many studies report running one of the myriad algorithms for detecting
community structure on PPI networks (Bu et al. 2003; Dunn et al. 2005; Li et al. 2008; Luo
et al. 2007; Pereira-Leal et al. 2004). Having located communities, such studies then attempt
to assess their functional homogeneity by searching for terms in a structured vocabulary
–usually GO or MIPS–that are significantly over-represented within communities. If such
terms exist, the identified communities are said to be ’enriched’ for biological function. In
many studies such enriched communities are found, and henceare plausible candidates for
biological modules.

1.6.1 Community detection methods

A much used approach is the algorithm by Newman and Girvan (2004). It involves simply
calculating the betweenness of all edges in the network and removing the one with highest
betweenness, and repeating this process until no edges remain. If two or more edges tie for
highest betweenness then one can either choose one at randomto remove, or simultaneously
remove all of them. As a guide to how many communities a network should be split into, they
use themodularity. For a division withg groups, define ag × g matrix e whose component
eij is the fraction of edges in the original network that connectnodes in groupi to those in
groupj. Then the modularity is defined to be

Q =
∑

i

ei,i −
∑

i,j,k

ei,jek,i,

that is, the fraction of all edges that lie within communities minus the expected value of
the same quantity in a graph where the nodes have the same degrees but edges are placed
at random. A value ofQ = 0 indicates that the community is no stronger than would be
expected by random shuffling.

The Potts method (Reichardt and Bornholdt 2006) partitionsthe proteins into communities
at many different values of a resolution parameter, thus finding communities at different
scales within the network. The method seeks a partition of nodes into communities that
minimises a quality function (’energy’):

H = −
∑

ij

Jij(λ)δ(si, sj),

wheresi is the community of nodei, δ is the Kronecker delta,λ is the resolution parameter,
and the interaction matrixJij(λ) gives an indication of how much more connected two nodes
are than one would expect at random (i.e., in comparison to some null hypothesis). The
energyH is thus given by a sum of elements ofJ for which the two nodes are in the same
community.

Other methods include the Markov clustering algorithm or MCL (van Dongen 2000) which
simulates random walks on networks to isolate dense regionsand MCODE (Bader and Hogue
2003) which uses high densityk-cores to search for potential complexes.

Here we have only mentioned community detection techniquesbased purely upon network
structure, though there are several studies in literature where network data is supplemented by
additional biological information such as gene expression(Segal et al. 2003) and phenotypic
sensitivity (Tanay et al. 2004) to achieve potentially moremeaningful graph partitions.
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1.6.2 Evaluation of results

Community detection algorithms are generally evaluated interms of some quality function
defined over the output clusters. A commonly used measure of ’goodness’ is functional
homogeneity, measuring how similar the proteins in a cluster are in terms of their biological
function. Given a measure of functional similarity betweenpairs of proteins, one way to
express the homogeneity of a cluster is

H(C) =

∑

i,j∈C Similarity(i, j)

|C|(|C| − 1)
;

here,H(C) represents the homogeneity of a cluster C by the average pairwise protein
similarity within C. Modules can also be statistically evaluated using thep-value from the
hypergeometric distribution, which is defined as

p = 1 −
k−1
∑

i=0

(

|X|
i

)(

|N |−|X|
n−i

)

(

|N |
n

)
,

where |N | is the total number of proteins,|X| is the number of proteins in a reference
function,n is the number of proteins in an identified module, andk is the number of proteins
in common between the function and the module. This is the probability that at leastk
proteins in a module of sizen are included in a reference function of size|X| assuming
that all proteins are investigated independently and have the same probability to be included
in |X|. A low p-value indicates evidence for the hypothesis that the module corresponds to
the function.

Lewis et al. (2010a) used the Potts method to study the biological relevance of, and
the relationship between, communities detected in the yeast protein network at different
resolutions. They found that the large communities presentat small values of the resolution
parameterλ are not judged to be functionally homogeneous. Asλ is increased, larger
numbers of proteins occur in functionally homogeneous communities, peaking in the range
1.5 < log(λ) < 2. At log(λ) = 1.5, the mean community size is 73 proteins, and the majority
of proteins (3071 out of 4980) are in functionally homogeneous communities (Figure 1.10).

Figure 1.10 Communities identified in the yeast protein interaction network (Lewiset al. 2010b).
When the resolution parameterλ is very small, all nodes are assigned to the same community. Asλ

is increased (viewing the network at progressively closer distances),more structure is revealed. The
figures on the left hand side show visualisations of the networks’ partition into communities at four
different values ofλ. Each circle represents a community, with size proportional to the numberof
proteins in that community, positioned at the mean position of its constituent nodes. The shade of the
connecting lines is proportional to the number of links between two communities.
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1.7 Predicting function using PPI networks

Given the relative sparsity of protein functional annotations for even well-studied organisms,
predicting protein function using PPI networks has received a lot of attention in recent
years. Protein functions may be predicted on the basis of module detection algorithms. If
an unknown protein is included in a functional module, it is expected to contribute toward
the function that the module represents. Several topology-based approaches that predict
protein function on the basis of PPI networks have also been introduced. The simplest
method (majority vote) assigns the function of an unknown protein as the function of the
majority of its neighbours (Schwikowski et al. 2000). The assumption that the function of
a protein can be assumed to be independent of all other proteins, given the functions of its
immediate neighbours, has led to several methods using Markov random fields for function
prediction (Deng et al. 2003; Letovsky and Kasif 2003). The number of common neighbours
of the known protein and of the unknown protein has also been taken as the basis for the
prediction of function (Lin et al. 2006). Here we describe the method of Chen et al. (2007) to
consider how such prediction of characteristics can be achieved using network structure. As
characteristics they considered structure (7 categories)and function (24 categories).

From the PPI network, they built an upcast set of category-category interactions. A
category-category interaction is constructed by two characteristic categories from two
interacting proteins. Denote the set of all categories the characteristic can assume byS. For
a proteinx, S(x) is the set of categories that proteinx is classified into. If two proteins
x andy interact, the category-category interactions it generates are the edges between any
two characteristic categories,a andb (a ∈ S(x), b ∈ S(y)), from each of the two proteins
(denoted bya ∼ b). The upcast set of category-category interactions is a collection of all
category-category interactions extracted from the protein-protein interaction network (Figure
1.11).

Figure 1.11 Upcast sets of characteristic pairs. In this example, we consider only a single
characteristic (e.g., protein function), so that the characteristic vectorfor a protein is a 1-vector. There
are three single-category proteins and one two-category protein in the protein interaction network (left),
which result in an upcast set of six characteristic pairs (Chen et al. 2007).

Let f( a ∼ b) denote the relative frequency of category-category interaction { a ∼ b}
among all category-category interactions. The scoreF (a, x) for the query proteinx with
annotated neighboursB(x), to be in a specific categorya is proportional to the product
C(a, x) of the relative frequenciesf of observing categorya for all category-category
interactions ofx’s neighbours in the prior data base;

C(a, x) =
∏

b∈S(n)
n∈B(x)

f(a ∼ b),

and is defined by

F (a, x) :=
C(a, x)

∑

k∈S C(k, x)
.
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The proteinx is then predicted to possess the characteristic category, or categories, with
the highest score. Thisfrequency methodcan be extended to include two or more protein
characteristics in the prediction of a specific protein characteristic; it is then called the
enhanced frequency method.

Table 1.3 The accuracies of function prediction using Majority Vote
(M.V), Chen’s method (F.) and Chen’s enhanced method (E.F.). The
enhanced method combines structure and function into a category
vector for category-category interactions. The accuracy is calculated
as the ratio between the number of correctly predicted proteins and all
predicted proteins.

Organism (DIP) Predicted proteins M.V. F. E. F.

D.melanogaster 1275 0.53 0.67 0.69
C.elegans 85 0.38 0.55 0.71

S.cerevisiae 1618 0.67 0.61 0.67
E.coli 154 0.69 0.69 0.70

M.musculus 32 0.59 0.88 0.81
H.sapiens 274 0.79 0.90 0.89

a Predicting methods are Majority Vote (M.V.), Chen’s method (F.), Chen’s enhanced
method (E.F.)
c A function prediction is counted as correct if one of the best three predicted categoriesis
correct.
Underline: where the result outperforms M.V. with statistical significance, based on a
z−test.

One can use the above model to see how well one network would predict characteristics
in another network. The model was implemented to use patternfrequencies from
pooled interactions in other organisms as well. Protein interactions were grouped into
prokaryotes includingE.coli andH.pylori and eukaryotes includingC.elegens, S.cerevidae,
D.melanogaster, M.musculus, H.sapiens, and a final global pooled dataset including all
interactions. As shown in Figure 1.12, in the prediction of structure, higher accuracy was
gained when predicting eukaryotes using a prior database from eukaryotes only. On the
other hand, the use of pooled interactions does not significantly improve predictions. While
predicting function, the predictions significantly deteriorated when using prokaryotes as
prior data. The prediction results thus clearly differentiated between using prior databases
of eukaryotes and prokaryotes.

Figure 1.12 Structure prediction using different priors (Chen et al. 2007).

These results indicate that the type of prior data may be moreimportant than the data
quantity and that there might be network similarity within kingdoms not observed across
kingdoms. We conclude that while there are network similarities within kingdoms, interaction
networks in prokaryotes and eukaryotes may be different.
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1.8 Predicting interactions using PPI networks

As discussed earlier, current PPI networks are highly incomplete even for model organisms.
Existing PPI networks from experimental data-sets can be useful resources on which to base
the prediction of new interactions or the identification of reliable interactions. Deng et al.
(2002) used evolutionarily conserved domains defined in thePfam database (Finn et al.
2010) and applied a maximum likelihood estimation method toinfer interacting domains
that are consistent with observed protein interactions. They estimated the probabilities of
interactions between every pair of domains and measured theaccuracies of their predictions
at the protein level. Using the inferred domain-domain interactions, they predict interactions
between proteins. Liu et al. (2005) extended this approach by integrating large-scale PPI
data from three organisms to estimate the probabilities of domain-domain interactions. They
found that the integrated analysis provides more reliable inference of protein interactions than
the analysis from a single organism. Jonsson et al. (2006) predicted interactions by integrating
experimental PPI data from many species and translating it into the reference frame of the rat.
The putative rat protein interactions were given confidencescores based on their homology
to proteins that were experimentally observed to interact.

In continuation to the previous section, we describe a method by Chen et al. (2008) who
used ideas from logistic regression to develop a score to predict and to validate protein
interactions, based on the protein characteristics and thePPI network.

1.8.1 Tendency to form triangles

The score is based on the following observation from exploratory data analysis. Leta, b,
c ∈ S be three vectors, and letN be the set of proteins in the protein interaction network.
Assume that all ofa, b andc are indeed observed in the proteins, so that using the notation
from Section 1.7,

∑

x,y,z∈N

1(a ∈ S(x), b ∈ S(y), z ∈ S(z)) > 0,

and
∑

x,y∈N

1(a ∈ S(x), b ∈ S(y)) > 0.

Here1(A) denotes the indicator function; it takes on the value 1 ifA is satisfied, and is 0
otherwise.

For each type of category-category pair{a, c} with a fixed categoryb, the ratio of
probabilitiesrabc = P (a∼c|a∼b∼c)

P (a∼c) is estimated by

r̂abc =
P̂ (a ∼ c|a ∼ b ∼ c)

P̂ (a ∼ c)
=

P̂ (a ∼ c, a ∼ b ∼ c)

P̂ (a ∼ b ∼ c ∼ a) + P̂ (a ∼ b ∼ c 6∼ a)
,

whereP̂ (a ∼ c) is the proportion of pairs of proteinsx, y in N , with characteristics such that
a ∈ S(x), b ∈ S(y), which interact, relative to all pairs of proteins with suchcharacteristics.
Similarly, P̂ (a ∼ b ∼ c ∼ a) is the proportion of protein triplets, with given characteristics,
which form a triangle, and̂P (a ∼ b ∼ c 6∼ a) is the proportion of protein triplets, with given
characteristics, which form a line (but not a triangle).



Protein Interaction Networks 25

For each organism (protein interaction network),r̄ is the average of̂rabc for all a, b, c ∈ S,

r̄ =

∑

a,b,c∈S r̂abc

1
2 |S|2(|S| + 1)

.

If r̄ ≪ 1, the existence of the interacting partner tends to decreasethe chance of interaction.
If r̄ ≫ 1, the interaction is more likely if two protein have an commoninteracting partner. The
average ratios of conditional probabilities from different organisms are estimated in Table 1.4.

Table 1.4 Estimates of̄r from triplets: function

Organisms #obs. pairs† #obs. triples‡ r̄ S.E. r̄ > 1§
D.Melanogaster 110 534 48.3 67.6

S.Cerevisiae 214 1850 55.9 91.36
E.Coli 76 494 16.1 9.91 ⋆

H.Sapiens 60 350 76.8 125.25

† number of different pairs{a, c} forming triples{a ∼ b ∼ c}
‡ total number of different triples{a ∼ b ∼ c}
§ 5% level of significance based on Z-tests
⋆ organism showing tendency of formation of triangles

From this table we conclude that there is some evidence, albeit weak, for a tendency
to form triangles in the upcast networks. This tendency can be exploited for prediction, as
follows.

1.8.2 Using triangles for predicting interactions

Within the triplet interactions, the odds are assessed to observe triangles versus lines around
the query protein pair. Thetriangle rate score, tri(x, y) for the protein pair{x, y} is defined
as the odds of observing triangles versus lines among triangles and lines in its neighbourhood.

This scoring method was compared to the Deng, Liu and Jonssonscores using ROC curves
(Figure 1.13) and, using a subsampling scheme, the areas under the ROC curves were tested
for significant difference. The results show that the triangle rate score outperforms both
the domain-based and homology-based scores. The success ofthis method provides a good
argument for representing PPI data as networks as the triangle information is crucial.

Figure 1.13 ROC curves, 1 minus specificity vs. sensitivity, for predicting yeast protein interactions
using domain interaction based approaches (Deng’s score and Liu’s score), a homology-based approach
(Jonsson’s score plus paralogs) and Chen’s network-based approach (the triangle rate score)
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In the above two sections, we have presented in detail two related methods for predicting
protein characteristics and protein interactions based onnetwork data. It should be noted that
there is a vast number of similar as well as very different computational prediction techniques
reported in the literature (see Browne et al. 2010; Rentzschand Orengo 2009, for recent
reviews).

1.9 Current trends and future directions

We conclude this chapter with a brief overview of current research trends in the analysis of
protein networks and some areas which we believe will generate significant activity in the
near future.

1.9.1 Dynamics

Studies of large-scale biological networks are gradually shifting from the analysis of their
organisational principles and guilt-by-association predictions of the function of individual
network components towards examining cell dynamics. In such studies, experimentally
determined static networks are often used as scaffolds for modeling of dynamical changes in
the system. Information about dynamics can be provided, forexample, by measurements of
gene expression at different time points or in different conditions. Han et al. (2004) examined
the extent to which hubs in the yeast interactome are co-expressed with their interaction
partners. They defined hubs as proteins with degree at least 5. 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 (whichthey 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 modular organisation of the network: 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 timesor under different conditions.
The validity of the date/party hub distinction has since been debated in some recent papers
(Batada et al. 2006, 2007; Wilkins and Kummerfeld 2008). Agarwal et al. (2010) used an
interaction data set from the Online Predicted Human Interaction Database - OPHID (Brown
and Jurisica 2005) and found that the form of the distribution of hub avPCC does not support
bi-modality and is not robust to methodological changes (Figure 1.14).

Figure 1.14 Probability density plots of the distribution of hub avPCC values for human interaction
data from OPHID. Gene expression data from GeneAtlas (Su et al. 2004), normalised using (a) MAS5
(Hubbell et al. 2002) and (b) GCRMA (Wu et al. n.d.). From Agarwalet al. (2010).

Expression data can also be utilised to infer causality as well as information flow within
cellular networks. A particularly illuminating source of dynamic data comes from knock-
out experiments, where a gene is perturbed or removed from a genetic background and
the expression levels of all other genes are measured. Yeanget al. (2004) developed a
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probabilistic approach for explaining observed gene expression changes due to a knock-out
by inferring molecular cascades of flow through the interaction network. These molecular
cascades correspond to paths beginning from the knock-out gene and ending at the gene
whose expression has changed. RNA interference (RNAi) screens are a powerful technique
for obtaining perturbation data in higher organisms. Here,a known gene from a pathway of
interest is chosen as a reporter gene, other genes in the genome are systematically knocked-
down using RNAi, and the effect on the reporter is measured. As RNA-based loss of function
screens are increasingly being applied with automated image analysis to detect effects on
specific processes or phenotypes (Jones et al. 2009; Moffat et al. 2006), these types of
network analyses are likely to be relevant to study a broad range of interesting biological
questions.

1.9.2 Integration with other networks

Until recently, the large-scale modelling of network dynamics has been focused on individual
network types. However, within a cell, all network types areinterrelated and dynamics of
any individual network has an impact on the behaviour of other networks. Several recent
studies have begun to address the challenge of coupling large-scale dynamical models for
different network types to obtain one consistent dynamicalnetwork. Such methods have been
spearheaded by approaches to combine metabolic and regulatory networks. For example, to
obtain a combined model of metabolic and regulatory networks, Covert et al. (2001) used
flux-balance analysis to model the metabolic network component while the transcriptional
regulatory network was modelled as a Boolean network. The genes in the transcriptional
network were assigned Boolean (binary) values indicating whether or not a given gene is
being expressed. An interactive procedure was applied to ensure that the combined model
satisfies both the metabolic and the regulatory constraints. A subsequent study used mixed
integer linear programming (a general optimisation framework for capturing problems with
both discrete and continuous variables) to couple such metabolic and regulatory models
(Shlomi et al. 2007).

Wang and Chen (2010) propose an approach for integrating transcription regulation and
protein-protein interactions using dynamic gene-expression data. They start with candidate
gene regulatory and signaling networks obtained from genome-scale data. These candidate
networks are then pruned and combined, utilizing gene-expression data at multiple time
points, to obtain an integrated and focused network under a specific condition of interest.

This area is in its infancy; integrated networks may shed newlights on all the research
questions tackled above.

1.9.3 Limitations of models, prediction and alignment methods

While there is an expanding literature on methods for predicting protein characteristics and
interactions using network information, there are severalshortcomings which could hamper
the practical application of such techniques. Many methodsfor protein function prediction
using network neighbours fail to cope with the relatively sparse level of annotation currently
available (Freschi 2009). Even given sufficient annotations, the network structure itself can be
quite heterogeneous and too few links in some regions can make prediction either impossible
or highly unreliable. For instance, performance of methodssuch as (Chen et al. 2008) which
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use a triangle score for interaction prediction, can be negatively affected in networks or
network regions with low density.

Similarly, network alignment methods are now sophisticated enough to cope with the
computationally hard problem of matching multiple large networks, but such algorithms
tend to be purely graph-theory based. Unlike sequence alignment, where rigorous models
based on evolutionary theory are present to explain the results, network alignment is very
often based on heuristic arguments. This is perhaps partly aconsequence of the fact that
evolution at the network level is poorly understood at the moment and we have no universally
applicable models for PPI networks. Future research shouldbe able to shed more light on
the mechanisms shaping interaction networks through evolutionary time-scales and make
it possible to incorporate these principles in comparativeand predictive studies. A related
research question could be the classification of existing aswell as more refined network
models according to the type of problem they best tackle.

1.9.4 Biases, error and weighting

Apart from techniques employing diverse biological information, some serious issues related
to the nature of interaction data itself also need to be resolved. Current experimental
techniques, such as yeast two-hybrid and coaffinity purification, sample subsets of the
interaction data space (Stumpf et al. 2005). As mentioned earlier, these subsets show very
limited overlap. Moreover, interaction data are non-binary by nature for any multi-component
complex; their conversion to binary pair-interactions is nontrivial and relies on processing
protocols that may introduce further biases in the final screening output (Wodak et al.
2009; Yu et al. 2009). It is vital that we understand to what extent observed discrepancies
between different networks reflect sampling biases of theirexperimental methods, as opposed
to topological features due to biological functionality. While some studies have focused
on the possible effect of biases, uncertainty and incompleteness on network inference and
comparison (Fernandes et al. 2010; Stumpf and Wiuf 2005), wefeel there is great need for
directly modelling in these factors as part of predictive studies.

1.9.5 New experimental sources of PPI data

Finally, it is expected that new sources of PPI data will helprelieve some of the issues
discussed above. Sanderson (2009) pointed out that 20 to 30%of human genes encode
membrane proteins and currently very little PPI interaction data exists for these proteins. This
is true for both intracellular and extracellular membrane protein interactions. Nonetheless,
exciting new experimental techniques are now being developed to probe these so-called
dark regions of the interactome. These include the membraneyeast two hybrid (MYTH)
assays (Stagljar et al. 1998), the AViditiybase EXtracellular Interaction Screen (AVEXIS)
system (Bushell et al. 2008) and the yeast adapted version ofthe DyHydroFolate-Reductase
(DHFR) Protein fragment Complementation A ssays (PCA) (Tarassov et al. 2008). It will
be interesting to see how network topology differs amongst the different techniques and
whether these new datasets, when combined with existing data, have an influence on the
overall network topology. It is important to bear in mind that most of these assays still
rely on protein over-expression and, since PPIs are dependent on both relative affinity and
protein concentration, validating PPI data is still a majorchallenge. Diverent techniques
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might however help to build a system of increasing confidence, by assigning higher scores to
interactions verified by several independent techniques.
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